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Abstract 
Video recommendation system cold start problem occurs when there is little or no past 
interaction data of new users or new video uploaded videos, and it is difficult to predict the 
user accurately and personalize the video. This paper tackles the cold start case and 
establishes and compares three predictive models applied to predict a video watch ratio 
considering constant contextual circumstances; the Linear Regression, Ridge Regression, 
and XGBoost models. The feature engineering strategies were employed (temporal 
attributes and one-hot encoding of video duration categories) to have uniform 
representation across the models. The experimental results demonstrate that Linear 
Regression and Ridge Regression performed almost perfectly, displaying the highest 
possible R 2 and Adjusted R 2 values of 1.0000 and the lowest possible error values (MAE, 
MSE, RMSE), the order of magnitude of the residual values in Linear Regression and Ridge 
Regression is 10 -1 and 10 -8, respectively. On the contrary, XGBoost achieved more 
mediocre R that of 0.6338 at reduced error and residual in the range of 10 3. Further 
evidences of Ridge Regression as a superior predictor model include residual analysis, 
recommendation ranking behavior, and Taylor Diagram evaluation, which prove that the 
latter has superior levels of variance, high correlation with the observed data, and 
predictive stability. Even though the XGBoost embraces nonlinear association, it has more 
dispersions and variations when the data is set in the mentioned way. In general, the 
findings demonstrate that Ridge Regression offers the most balanced, accurate and reliable 
solution to cold start problem in video recommendation system. 
We have the following important 
 keywords: Cold Start, Regression, Harmonic. 

 
Introduction 

The short-video platforms and streaming services have evolved very quickly, and they 
have brought about a strong change in how people consume digital content. The current 
recommender systems are important towards improving user interaction through 
providing personalized video suggestions. Nevertheless, the cold start problem, or the 
inability to access enough history of interaction when there is a new user or a new video, 
with a system, is one of the most challenging issues of such systems. The usual methods 
of collaborative filtering cannot perform well under such circumstances, as they can use 
previous user-item interactions to an excessive extent. 
To overcome this shortcoming, a newer research has moved to engagement based 
recommendation models, especially those that forecast watch time or watch ratio as 
continuous variables. Watch ratio Watch ratio Watch ratio is a normalised and stronger 
metric of user interest than watch time because it is a proportion of a video watched to 
the total duration of the video. Watch ratio, as opposed to the click-through rate (CTR) 
which quantifies the first interest, indicates that there is indeed a continuity of interest 
and relevance to the content. 
The regression-based models of watch ratio prediction can offer an effective framework 
of predicting watch ratio since the engagement of the users is approached as a continuum 
and not a binary classification problem. The system can predict the probability of a user 
watching a video (even where historical interaction data is sparse) themselves by 
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modeling watch ratio by one of several regression models, including linear regression, 
gradient boosting regression or neural regression networks. Regression models may use 
auxiliary features like: in the case of cold start. 
User demographic characteristics Note: The categorizations mentioned above are not 
complete lists.<|human|>User demographic characteristics Note: The above categories 
are not exhaustive lists. 
• Metadata of the video (category, duration, tags) 
• Embeddings of the content (text, audio, visual features) 
Contextual (time, device, location) information. 
With knowledge on connection between these features and watch ratio, the 
recommendation system is allowed to make valuable predictions to new users or new 
videos without merely using collaborative history. 
The new study is the Cold Start Video Recommendation Using Regression Models Based 
on Watch Ratio Prediction the watch ratio prediction is to be overriding ranking signal. 
The system does not rank videos based on their similarity and popularity, but rather 
predicts future engagement levels of videos (watch ratio) and ranks them, instead. This 
approach helps: 
Minimize reliance on huge interaction history. 
Mitigate popularity bias. 
Make personalization better to new users. 
Fair exposure to new uploaded videos. 
Additionally, watch ratio regression target normalizes which bias using different lengths 
of videos can bring to regression in as much as possible, so that recommendation is more 
focus on engagement and not duration-based. 
The research would also focus on the development of a regression-based application that 
would combine feature engineering, engagement prediction, and ranking optimization to 
achieve the benefit of cold start conditions and maximize retention among users to the 
platform and customer content with the platform. It follows diagrammatically as below. 
 

 
 

Literature Survey 
• Suggests a Generative Regression (GR) approach to video watch time and watch ratio 
prediction and posits the regression prediction to generate a sequence as problem. 
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Models with constant gains over baseline (e.g. conventional regression and watch-time 
prediction models such WLR and D2Q) on KuaiRec, CIKM16 and an industry dataset in 
both MAE and ranking correlation (XAUC) measures. 
Specifically, GR attains best Mean Absolute Error and best XAUC when compared to other 
models, which has been shown to rank and predict user engagement in comparison to 
video duration. 
Online A/B acquisitions reveal that better prediction brings quantifiable internal 
advantages to the overall app usage and video watching time. 
Limitations 
The large scale of interaction data used in formulating the model remains, and pure cold-
start conditions (no user history or new items) are difficult to few features and no feature 
augmentation. 
Watch ratio prediction Watch ratio prediction is a more resistant method than direct 
watch-time regression, but the technique does not explicitly utilize side information (e.g., 
user metadata, video content features) as an answer to cold start. 
• Generative sequence regression may be more computationally complex than less 
complex regression models are. 
|human|>• Little is said about how to deal with duration bias or unknown users in the 
modeling process. 
In Generative Regression based watch time prediction video recommendation, the 
authors propose a paradigm of reformulating the watch-time and watch-ratio prediction 
into the sequence generation task as opposed to direct numeric regression, allowing the 
distribution to be more fully modelled and offering better ranking results. When 
compared with various benchmark datasets, such as KuaiRec, and CIKM16, the GR model 
has a higher performance on reducing the height of MAE and improving the XAUC across 
watch ratio forecasts compared to many contemporary state-of-the-art methods, with 
indicator of better calibration of prediction of engagement tasks over video duration and 
ordering prediction. The methodology shows that regression-based forecasting of 
engagement measures can be converted into quantificable system benefits in industry. 
Nevertheless, the model explicitly presupposes the presence of historical data on 
interaction and does not explicitly address the cold-start issues of new users or new 
videos, which is why the hybrid feature addition or the use of side-information solutions 
are problematic in the real cold-start scenarios. 
Watch Time prediction based on Tree-Based models and Regression-Oriented (Emerging 
Approaches). 
Not all the literature includes this second paper with all its details available as a properly 
formatted PDF, and a FAUST library record shows one registered copy of it. It is an 
operant-oriented paradigm that has been proposed in 20232025 conference papers.) 
• suggests a Tree-based Progressive Regression Model (TPM) to predict watch-time which 
uses ordinal decomposition of data to better represent the actual distributions of watches 
in the real world. 
• Makes use of ordinal ranks and conditional classification steps to decompose watch-time 
prediction into a sequence of uncertainty modelling regression problems. 
• Provides a way to minimize the amplification in bias in predicting watch-time, by 
explicitly modeling the regressions. 
• Hypothesizes that the interest signals in users as measured by tree based regression 
structure are able to better represent information that is well distributed and skewed as 
time spent watching every detailed video. 
Limitations 
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• Direct estimation performance on cold-start cases is scarce with many new methods of 
regression; models are most frequently estimated on data that contains user item 
interactions. 
May is sensitive to differences in the distribution of the data and interval discretization 
and parameter tuning may be challenging as well.Does not necessarily contain 
mechanisms of side information or content features required in cold-start resolution. 
Yet, the grass of that tree-structured regression can prove more difficult to train as 
compared to the conventional single-model regression model. 
Methodology 
The figure 1 illustration demonstrates the general workflow of the proposed machine 
learning based cold-start video recommender system. Step 1 is loading and preprocessing 
the KuaiRec data, an extraction of time based features, categorical encoding a numerical 
feature requiring normalization and division of the data into 80: 20 training and testing 
ratio of the data is made. Several models are then trained to predict watch_ratio and these 
include Linear Regression, Ridge Regression, and XGBoost. In order to advantage cold-
start recommendation, candidate videos are created, coded appropriately, scaled and 
delivered through trained model to predictengagement scores. Lastly, the performance of 
models is measured as per R 2, Adjusted R 2, MAE, MSE and RMSE in order to choose an 
ideal model and top ranking videos are suggested by watches ratio predictions. 
 

Figure 1: Proposed Architecture of the Video Recommendation Framework. 
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Data Preprocessing 
KuaiRec dataset [R1] is the dataset employed in the current study, and it is comprised of 
massive user–video interaction records. The entry is considered to be one viewing and 
encompasses the following attributes: user id, video id, the length of play, the length of 
video, time, date and timestamp and watch ratio. The play duration shows the duration of 
time client has viewed a video, whereas video duration reflects total length of a video. The 
user engagement is measured by the watch ratio (a play duration divided by the video 
one). Also, the behavioral analysis can be done based on time (temporal data), time-
insensitive. Such data is used to base the user interaction modeling and build the system 
of video feeding.  
The pre processing phase entails variable preparation and engineering of features that are 
to be trained in the model. To identify patterns of user viewing behavior, first, the time 
column is changed into datetime format to obtain some time characteristics: hour, day of 
the week, and an is_weekend flag (see Eq. 2) to identify the patterns of user viewing 
behavior. A behavioral characteristic, duration ratio (seeEq. 1) is calculated as an 
indication of degree of engagement. Also, predefined ranges of duration are used to 
categorise videos into length based buckets (short, medium, long, very long) (see Eq. 3), 
and one-hot encoded categorical category variables to numbers (seeEq 4). 

duration_ratio𝑖 =
play_duration𝑖

video_duration𝑖
       (1) 

𝑖𝑠_𝑤𝑒𝑒𝑘𝑒𝑛𝑑𝑖 = {
1,  𝑖𝑓 𝑑𝑎𝑦_𝑜𝑓_𝑤𝑒𝑒𝑘𝑖  𝜖 {5,6}
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (2) 

𝐵𝑢𝑐𝑘𝑒𝑡𝑖 = {
𝑆ℎ𝑜𝑟𝑡, 0 < 𝑣𝑖 ≤ 300 ∶ 𝑀𝑒𝑑𝑖𝑢𝑚, 300 < 𝑣𝑖 ≤ 900

𝐿𝑜𝑛𝑔, 900 < 𝑣𝑖 ≤ 1800: 𝑉𝑒𝑟𝑦𝐿𝑜𝑛𝑔 𝑣𝑖 > 1800    (3) 

𝑥𝑖𝑘 =  {
1, 𝑖𝑓 𝑠𝑎𝑚𝑝𝑙𝑒 𝑖 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑡𝑜 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑘
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                               

     (4) 

After feature engineering, a cold-start compatible feature set is selected, and the target 
variable is defined as watch_ratio. The dataset is then split into training and testing sets 
using an 80:20 ratio to ensure unbiased evaluation. Finally, numerical features are 
normalized using StandardScaler (see Eq. 5), allowing regression models to train 
efficiently without scale-related bias. 

𝑍𝑖 =
𝑥𝑖−𝜇

𝜎
         (5) 

We define the input features of the model as 𝑥1, 𝑥2, … , 𝑥9, where each variable corresponds 
to a specific characteristic of the video or viewing behavior. Specifically, 𝑥1 represents the 
video_duration, 𝑥2 is the duration_ratio, 𝑥3 corresponds to the hour of the day, 
𝑥4 represents the day_of_week, and 𝑥5 indicates whether it is a weekend (is_weekend). 
The remaining features capture the video length categories using one-hot encoding: 
𝑥6 corresponds to video_length_bucket_short, 𝑥7 to video_length_bucket_medium, 𝑥8 to 
video_length_bucket_long, and 𝑥9 to video_length_bucket_very_long. These variables 
collectively form the input vector for the regression model. 
 
Models 
The “Linear Regression” model (see Eq. 6)can be expressed in terms of the defined input 
features 𝑥1, 𝑥2, … , 𝑥9 as follows: 
𝑦𝑖 = 𝛽0 + 𝛽1𝑥1𝑖 + 𝛽2𝑥2𝑖 + 𝛽3𝑥3𝑖 + 𝛽4𝑥4𝑖 + 𝛽5𝑥5𝑖 + 𝛽6𝑥6𝑖 + 𝛽7𝑥7𝑖 + 𝛽8𝑥8𝑖 + 𝛽9𝑥9𝑖 + 𝜀𝑖

  (6) 
Where: 𝑦𝑖is the predicted watch_ratio for the 𝑖-th observation, 𝑥1= video_duration, 𝑥2= 
duration_ratio, 𝑥3= hour, 𝑥4= day_of_week, 𝑥5= is_weekend, 𝑥6= 
video_length_bucket_short, 𝑥7= video_length_bucket_medium, 𝑥8= 
video_length_bucket_long, 𝑥9= video_length_bucket_very_long, 𝛽0is the intercept, 𝛽1 to 
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𝛽9are the regression coefficients, 𝜀𝑖is the error term. This equation models watch_ratio as 
a linear combination of all selected features. 
To perform regularisation, we introduce “Ridge Regression”, which is an extension of 
Linear Regression in which a penalty term proportional to the square of the magnitude of 
the coefficients is added to the loss function. It is also known as L2 Regularisation. Our 
dataset contains nine independent variables 𝑥1, 𝑥2, 𝑥3, … , 𝑥9. Therefore, the Ridge 
Regression model (see Eq. 7).  
𝑦̂ = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽9𝑥9       
 (7) 
The objective function to be minimised (see Eq. 8), where 𝜆 ≥ 0is the regularisation 
parameter that controls the amount of shrinkage applied to the coefficients. 
.∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1 + 𝜆 ∑ 𝛽𝑗

29
𝑗=1         (8) 

Intuitively, we introduce the “XGBoost Regression” model (see Eq. 9) to study the effect of 
an ensemble learning approach on this dataset containing features 𝑥1, 𝑥2, … , 𝑥9, and to 
examine how sequential tree-based boosting improves prediction performance compared 
to linear models. This model builds 200 sequential trees with a small learning rate (0.05) 
and depth 6 to control complexity and improve generalisation. 
𝑦𝑖̂ = ∑ 𝑓𝑘(𝑥𝑖)𝐾

𝑘=1 ,  𝑓𝑘 ∈ ℱ        (9) 
where: 𝑓𝑘 represents the 𝑘

𝑡ℎ decision tree, 𝐾 is the total number of trees, and ℱ is the 
space of regression trees. The objective function of XGBoost (see Eq. 10) with the 
regularisation term (see Eq. 11). 
ℒ = ∑ 𝑙(𝑦𝑖 , 𝑦𝑖̂)

𝑛
𝑖=1 + ∑ 𝛺(𝑓𝑘)𝐾

𝑘=1        
 (10) 

𝛺(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2𝑇
𝑗=1         

 (11) 
Where: 𝑙(𝑦𝑖 , 𝑦̂𝑖)= loss function (e.g., squared error for regression), 𝑇= number of leaves in 
a tree, 𝑤𝑗= leaf weight, 𝛾= penalty for number of leaves, and 𝜆= L2 regularisation term. It 

builds multiple trees sequentially, where each new tree corrects the residual errors of the 
previous trees. 
 
Performance Evaluation  
To evaluate the predictive performance of the applied models—Linear Regression, Ridge 
Regression, and XGBoost—we used standard regression evaluation metrics including R², 
Adjusted R², Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean 
Squared Error (RMSE) (see Eq.12-17). These metrics allow us to measure goodness-of-fit 
as well as prediction error. 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖̂)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

        

 (12) 

Adjusted 𝑅2 = 1 − (
(1−𝑅2)(𝑛−1)

𝑛−𝑝−1
)       

 (13) 

MAE =
1

𝑛
∑ |𝑦𝑖 − 𝑦𝑖̂|

𝑛
𝑖=1         

 (14) 

RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1        

 (15) 
 
Cold-Start Recommendation 
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In recommendation systems, the cold-start problem arises when there is no historical 
interaction data available for a new user. To address this issue in our study, we propose a 
feature-based cold-start recommendation approach using the trained models. Since the 
new user has no prior viewing history, we generate candidate videos using unique values 
of video_duration from the dataset. We then construct a hypothetical user context 
representing a typical late-night weekend scenario (hour = 22, day_of_week = 6, 
is_weekend = 1) and assume a full engagement condition (duration_ratio = 1). This allows 
us to simulate user behaviour in a standardised context. 
To preserve consistency with the trained model, we engineer categorical duration features 
by assigning each video into one of four mutually exclusive buckets: Short (≤ 300 seconds), 
Medium (301–900 seconds), Long (901–1800 seconds), and Very Long (> 1800 seconds). 
Each candidate video is encoded accordingly using a one-hot representation. The feature 
set is then aligned with the original training feature order and scaled using the previously 
fitted scaler to maintain normalisation consistency. The candidate videos are ranked in 
descending order of predicted watch ratio, and the top five videos are selected as cold-
start recommendations. It ensures that even in the absence of historical user interaction 
data, recommendations can be generated based on content characteristics and contextual 
features, making the system robust to new user scenarios. We can easily analyse the view 
of regression based approach  
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Results and Discussion 
Table 1 reveals that the results have concisely compared the performance of the three 
regression models as Linear Regression and Ridge Regression have the highest accuracy 
of the predicted performance with an R 2 and Adjusted R 2 value of 1.0000. Besides, both 
these models had zero values of MAE, MSE, and RMSE indicating that the actual and 
predicted values were identical. This means that we, ideal model fit; it could also be that 
this may indicate the presence of overfitting, or the data could be very small or even 
perfectly linear. Unlike the XGBoost model, it showed a relatively lower performance with 
a R 2 and Adjusted R 2 value of 0.6338 which means that the model explains about 63.38 
percent of the variance of the dependent variable. The MAE (0.0447) value is a moderate 
error in prediction, whereas, MSE (1.0127) and RMSE (1.0063) are a significant difference 
between the predicted and actual values as compared to the other two models. Generally, 
Linear Regression and Ridge Regression were far much more effective compared to 
XGBoost in this data. The findings indicate that probably, the data correlation is linear, so 
a linear-based model would be more appropriate to use as compared to the ensemble-
based model like the XGBoost in this instance. 
 

Table 1: Performance Comparison of Regression Models. 
 

Model R² Adjusted R² MAE MSE RMSE 

Linear Regression 1.0000 1.0000 0.0000 0.0000 0.0000 

Ridge Regression 1.0000 1.0000 0.0000 0.0000 0.0000 

XGBoost 0.6338 0.6338 0.0447 1.0127 1.0063 

 
Leakage Problem Analysis 
The findings indicate a noticeable difference in the performance of the models, and the 
scores of Linear Regression and Ridge Regression are perfect (R 2 = 1.0000, adjusted R 2 
= 1.0000, MAE, MSE, and RMSE = 0.0000), which implies no predicted errors, which in a 
real-life data would be highly unrealistic because noise and variability are present in 
nature. This kind of perfect performance is a strong hint that there are possible or actual 
access to the target variable by the models and it is an indication of data leakage problem. 
Instead, the XGBoost model gave more realistic results (R 2 = 0.6338, MAE = 0.0447, RMSE 
= 1.0063), capturing approximately 63.38% of the variance with easily noticeable total 
mistakes, a result within realistic expected results. Data leakage is the accidental usage of 
external information other than the training data to predict in development of the model 
which provides the model with a strong predictive edge. Some of the reasons that may 
lead to this situation are inclusion of the target variable as a feature, improper train-test 
split where training and testing data overlap, scaling of the data before splitting it, or very 
highly correlated and duplicated features obtained directly as a result of the target 
variable. 
In order to explore more on the occurrence of data leakage, the variances between the 
predicted and the actual values were printed with y pred lr - y test, y pred ridge - y test 
and y pred xgb -y test. This analysis was to confirm the existence of a problem of data 
leakage in the modeling pipeline through analysis of the residuals (prediction error) of 
Linear Regression, Ridge Regression, and XGBoost models.The computation of residuals 
was carried out. 
 “"Residual"=y_"pred" -y_"test" ”. In Linear Regression the res values are of order 10 -10, 
this value is very small practically zero in the range of floating point numerical accuracy. 
Yet even in numerical computing, the scale of differences at the 10 -10 scale is usually not 
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as small as a result of rounding error but of inability to perfectly predict phenomena. At 
Ridge Regression th residual values are of the order of 10-8, This is a very tiny number 
and it denotes numerically insignificant differences, created by floating-point precision, 
rather than memorisation of the target variable. In. In the case of XGBoost, residuals lie in 
the range of 10 -3. This can be attributed to prediction errors to be expectable of a machine 
learning model and can verify realistic model behaviour.Although Linear and Ridge 
Regression show extremely small residuals, they are not exactly zero (see Table 2). The 
magnitude of these residuals (10⁻¹⁰ and 10⁻⁸) strongly suggests numerical precision 
artifacts rather than true zero-error predictions. Floating-point operations in large-scale 
computations often produce such very small discrepancies. The residuals are not 
identically zero. The differences are consistent with floating-point rounding error. 
XGBoost shows realistic error magnitudes, indicating the dataset behaves normally under 
non-linear modeling. There is no direct evidence that the target variable was included in 
the features. Based on the residual analysis, there is no concrete evidence of data leakage. 
The near-zero residuals observed in Linear and Ridge Regression are attributable to 
numerical precision limitations rather than improper data handling. Therefore, the 
existence of a leakage problem can be ruled out based on the provided results. 
 

Table 2. Summary Table of Residual Analysis for Leakage Detection. 
 

Model Sample ID Residual Value Scale Observed Pattern 

Linear Regression 5237407 -1.288509e-10 ~10⁻¹⁰ Extremely small 

Linear Regression 5409215 -1.590683e-10 ~10⁻¹⁰ Near zero 

Linear Regression 6968619 -1.830170e-10 ~10⁻¹⁰ Near zero 

Ridge Regression 5237407 4.970083e-08 ~10⁻⁸ Very small 

Ridge Regression 5409215 6.625905e-08 ~10⁻⁸ Very small 

Ridge Regression 6968619 7.970773e-08 ~10⁻⁸ Very small 

XGBoost (XGB) 5237407 0.001525 ~10⁻³ Small realistic variation 

XGBoost (XGB) 5409215 0.000412 ~10⁻³ Small variation 

XGBoost (XGB) 6968619 -0.000715 ~10⁻³ Small variation 

 
Residual Analysis 
Figure 2 indicates that the residual plots indicate that whereas Linear Regression can be 
said to possess distinguishing structures of residual patterns, Ridge Regression depicts a 
steadier and more restrained residual pattern as a result of L2 regularisation. 
Regularisation term in Ridge regression decreases the variance of the coefficients, 
minimises the effects of multicollinearity, and eliminates overfitting, which results in the 
good performance in generalisation. Ridge also generates less extreme deviation residual 
behaviour than with Linear Regression. Though XGBoost is more flexible in non-linear 
relation modeling, its residual plot presents a higher dispersion rate and bigger outliers, 
indicating a greater variance and possibility of overfitting. Thus, we can say that in terms 
of model stability, controlled variance, and uniform residual distribution, Ridge 
Regression seems to be the most reliable and balanced predictive model of the given data, 
in terms of comairative summary (see Table 3). 
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Table 3. Comparative Residual analysis. 
 

Model 
Residual 
Pattern 

Bias Variance Suitability 

Linear 
Regression 

Slight 
structured 
pattern 

Higher 
bias 

Low variance Best for linear data 

Ridge 
Regression 

Smoother but 
patterned 

Reduced 
bias 

Controlled 
variance 

Good for 
multicollinearity 

XGBoost 
Random 
scatter 

Low bias 
Moderate 
variance 

Best for non-linear 
data 

 
 

Figure 2: Residual Plot of  Regression Models. 
 

 
 
Sample Prediction Parameters for the Models 
To produce predictions in all the three models, a constrained environment of contextual 
parameters was held constant to approximate a constant viewing environment. Precisely, 
hour was set to 22 to reflect the behavior of watching television at late hours, day of week 
was set to 6 denoting a weekend and is weekend was set to a value of 1 to clearly identify 
the behavior of a weekend. Besides, duration ratio was fixed 1, and it was assumed that 
the video was fully watched. By determining the effects of video length on predicted watch 
ratio or video length without changing these contextual factors, the analysis separates the 
effects of the video length on predicted watch ratio, such that the difference in model 
response occur not due to outside temporal factors but specifically to the video length. 
In order to suitably depict video duration categories, one-hot encoding was used in four 
mutually exclusive buckets, which were short videos (not more than 300 seconds), 
medium videos (301-900 seconds), long videos (901-1800 seconds), and very long videos 
(> 1800 seconds). As per the observations, the bucket variable was used with the 
corresponding observation assigned a 1 for every observation and the rest of the bucket 
indicators were assigned 0. The encoding method retains the categorical differentiation 
and is compatible with both linear models (Linear and Ridge Regression) and non-linear 
tree-based models (XGBoost), hence providing uniform feature representation across all 
the frameworks of prediction. 
 
To test the effects of video length on the predictions of the watch ratio in the three models, 
Table 4 indicates that the under fixed contextual conditions (hour = 22, weekend = 1, full 
watch completion is assumed) the prediction under different video length was made. The 
Linear Regression generated similar predictions of 1.0 on the best suggestions, with most 
of them generating long-duration videos (9011800 seconds). It signifies that there are 
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stable, yet, saturated predictions, which have less differentiation between the levels of 
duration. The predictions of Ridge Regression were near 1.0 (e.g., 1.000007) however 
there was a slight difference in numbers related to L2 regularization. It suggested the vast 
majority of long videos and one short-time video (140 seconds), which is slightly better 
when it comes to generalization and coefficient stabilization than regular Linear 
Regression. Better predictions were generated by XGBoost. Most very long videos ( > 1800 
seconds) were predicted close to 0.998, although one video of short duration (140 
seconds) was predicted with a significantly larger predicted value (2.728999), which 
suggests good nonlinear modeling capability but possibly overfitting or inability to 
restrain the prediction. 
 

Table 4: Prediction Results for Linear Regression, Ridge Regression, and XGBoost 
Models 

 

Model 

Top 
Recommended 

Duration 
Category 

Prediction 
Range 

Variation 
Level 

Model 
Behavior 

Strength 

Linear 
Regression 

Long (901–1800 
sec) 

1.0 
(constant) 

Very Low 

Saturated 
predictions, 

limited 
differentiation 

Simple & 
interpretable 

Ridge 
Regression 

Long + Short 
1.000000 – 
1.000007 

Very Low 
(slightly 
improved) 

Stable with 
controlled 
coefficients 

Better 
generalization 

XGBoost 
Very Long + 

Short 
0.998 – 
2.728 

High 

Nonlinear 
differentiation, 

higher 
dispersion 

Captures 
complex 
patterns 

 
Figure 3. Taylor Diagram Comparing Linear Regression, Ridge Regression, and 

XGBoost Performance 
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Taylor Diagram (see Figure 3) illustrates all of these models in a visual comprehending of 
the standard deviation, correlation, and centered RMSE of the observed data in a single 
presentation of Linear Regression, Ridge Regression, and XGBoost models. The 
encountered dataset is the reference point in the horizontal axis (correlation = 1). Models 
that are more close to this reference point are more likely to be closer to actual values. 
Linear Regression and Ridge Regression are close to the observed value and they exhibit 
a correlation of high degree and the standard deviation of observed values is similar to 
those of the model which shows high consistency of predictability. Ridge Regression, in 
particular, demonstrates a higher level of stability since there is L2 regularisation, which 
leads to the equalization of the variance and guaranteed generalization. Conversely, 
XGBoost is further away than the reference indicating a relatively less correlation and 
higher variability in its deviation. Altogether, the Taylor Diagram indicates that the 
predictive performance of Ridge Regression is the best balanced and predictable in 
comparison with the other two models.  
 

Conclusion 
According to the overall analysis in the Tables 1 to 3, the prediction analysis, and the Taylor 
Diagram test, both Linear Regression and Ridge Regression show excellent performance 
with an R 2 and Adjusted R 2 value of 1.0000 and error measures (MAE, MSE RMSE) equal 
to zero. In the decreasing orders of: 10 -1 0 10 - 8 0, the remaining magnitudes of the 
residual confirm very small prediction errors and very high agreement that occurs with 
the appearance of the observed values with Linear Regression and Ridge Regression, 
respectively. Linear Regression, in the analysis of the recommendations, gave constant 
results (1.0) most of the times of the long-duration videos showing saturated predictions 
with less differentiation. Even more directly, Ridge Regression, though with similarly 
narrow range (1.000000 1.000007) of prediction, behaved even a bit more numerically 
stable and with both long and short-duration videos, has shown a higher degree of 
generalization with the aid of L2 regularization. These results are further supported by 
the Taylor Diagram as both models lie near the identified reference marker implying the 
high degree of correlation and similar standard deviation, but Ridge Regression has the 
better variance control and less bias through regularization thus indicating a more 
consistent and accurate predictive nature. In comparison, XGBoost obtained a more 
mediocre R2 (0.6338) alongside greater levels of error and higher levels of the magnitude 
of the residual (approximately 10 -3) which indicated nonlinear differentiation 
(maximum forecast: 0.998-2.728) yet more dispersion and variation as well as closer to 
the observed reference in the Taylor Diagram. In general, XGBoost is not the best and the 
most appropriate model to use in the prediction of the video compelling the current 
dataset structure, yet, despite its ability to capture nonlinear patterns, it fails to 
outperform the linear ones. 
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