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Abstract 

This research focuses on the identification of passengers, in dimensions using information fusion as a tool. We 

recognize the challenges involved in identifying individuals who have been transferred to alternate dimensions and in 

this study we make use of CatBoost, an open source machine learning algorithm to address this problem. Our approach 

includes a preprocessing strategy that involves filling in missing values using techniques like priori distribution terms, 

which helps ensure the reliability of our dataset. By leveraging CatBoosts ability to handle variables and prevent 

overfitting we achieve results in accurately predicting passenger movement across dimensions. Our analysis highlights 

CatBoosts effectiveness in identifying patterns within data leading to more precise predictions for interdimensional 

passenger transportation. Additionally we incorporate techniques, like Greedy TS augmentation to enhance the 

adaptability of the algorithm and improve precision while reducing bias in modeling. Proof-of-concept experiments 

demonstrate that the proposed fusion system not only advances predictive modeling in niche domains but also paves 

the way for broader applications of machine learning in deciphering complex phenomena beyond traditional realms, 

marking a significant stride in understanding and addressing unconventional challenges. 

Keywords: Interdimensional Travel; information fusion, Alternate Realms; Predictive Analytics Dimensional 

Transportation; Machine Learning; Passenger Identification; Parallel Universes; Artificial Intelligence; Multiverse 

Exploration. 

1. Introduction 

In the field of physics and information fusion the exploration of dimensions has ignited both curiosity and scientific 

investigation. The idea of individuals being transported to realms, beyond our understanding has fascinated researchers 

for years [1] [2]. This paper delves into the intersection of information fusion and predictive modeling aiming to shed 

light on identifying those who might experience transportation to alternate dimensions. Through algorithms and 

theoretical frameworks this study embarks on a journey to comprehend and predict the phenomenon of traveling 

between dimensions [3]. 

The concept of dimensions existing alongside our reality challenges the boundaries set by conventional scientific 

thinking. As we strive to understand this phenomenon information fusion emerges as a path, for unraveling the 

complexities associated with transportation [4]. By utilizing the capabilities of machine learning algorithms this 

research aims to create models that can identify patterns indicating the potential, for travel between different 
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dimensions. In doing this study not explores the complex theories of alternate realities but also investigates practical 

applications of predictive analytics in this mysterious field [5-8]. 

 

In the midst of discussions on existence inclusivity remains a crucial aspect. This research strives to promote 

inclusivity by providing an exploration of the subject and bridging the gap between physics and computational 

methods [9-11]. By shedding light on the intricacies of travel, from a perspective this paper seeks to encourage diverse 

viewpoints [12-14]. The structure of this paper is as follows; Section 2 provides detailed insight into our methodology. 

Section 3 outlines our meticulously designed experiments Section 4 presents our findings and finally. Section 5 

reviews works. Section 6 summarizes our conclusions. 

2. Methodology 

This section intricately delineates the methodological framework adopted in this study, offering a systematic and 

transparent approach to fuse information of passengers potentially transferred to alternate dimensions.  

During the stage of data preprocessing, it was crucial to address missing values in order to maintain the integrity of 

the dataset. We discovered that certain attributes, such, as 'Cabin_Number' and 'Group_Number' had missing values. 

Upon exploration of the data we observed a linear relationship between these attributes on each deck. To fill in the 

gaps we utilized an approach using regression to estimate missing 'Cabin_Number' values based on known 

'Group_Number' data from the same deck. This method effectively provided values for the missing cabin numbers 

ensuring that our dataset remained complete while preserving its structure. In addition, various imputation techniques 

were applied to handle missing values, in numerical features. Numerical attributes were imputed using values to 

account for outliers while categorical variables were filled with mode values to maintain their distributions. This 

meticulous handling of missing values aimed to ensure the dataset's comprehensiveness and quality, setting a solid 

foundation for subsequent modeling and analysis tasks in the realm of interdimensional passenger identification. 

CatBoost, a machine learning algorithm developed by Yandex gets its name from combining two core concepts; 

"Categorical" and "Boosting." This open-source algorithm is known for its focus on handling categorical variables, 

which are crucial in many real world datasets. CatBoost is widely used across programming languages like R and 

Python offering practitioners a tool to tackle complex datasets [23]. 

At its essence CatBoost functions as a framework for Gradient Boosting Decision Trees (GBDT) using a boosting 

technique that builds an ensemble of decision trees sequentially. Each tree compensates for the mistakes made by its 

predecessor. What sets CatBoost apart is its use of decision trees, as learners equipped with fewer parameters. This 

unique design aims to prevent overfitting while maintaining model efficiency and interpretability. Furthermore, 

CatBoost addresses critical challenges prevalent in gradient boosting models, specifically tackling issues related to 

gradient bias and prediction shift. These problems, when unaddressed, often contribute to the occurrence of overfitting 

within predictive models [23, 24]. Notably, CatBoost implements innovative strategies to mitigate these challenges, 

enhancing model robustness and generalizability. 

One distinctive feature in CatBoost's decision tree implementation is the utilization of label means as criteria for node 

splitting. This strategy, often referred to as greedy target variable statistics, signifies a fundamental departure from 

conventional decision tree methods. The formula governing this criterion serves as a pivotal aspect of CatBoost's node 

splitting mechanism, expressed as: 

𝑥̂𝑘
𝑖 =

∑ [𝑥𝑗,𝑘=𝑥𝑖,𝑘]
p−1

𝑗=1
⋅𝑌𝑖

∑ [𝑥𝑗,𝑘=𝑥𝑖,𝑘]
𝑛

𝑗=1

   (1) 

This novel approach leverages label means as a guiding principle for node partitioning, optimizing the tree structure 

while minimizing bias, and ensuring more accurate predictions. By integrating this innovative technique into the 

decision tree framework, CatBoost aligns its tree construction process with the specific characteristics of the dataset, 

thereby enhancing its capacity to capture intricate relationships within the data without succumbing to overfitting 

tendencies. An established method for enhancing Greedy TS (Target-based Statistics) within CatBoost involves the 

incorporation of priori distribution terms. This strategic augmentation aims to mitigate the influence of noise and low-

frequency category-type data on the dataset's distribution, a step pivotal in refining the model's predictive capabilities. 

The formula expressing this augmentation is articulated as: 
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  (2) 

In this context, 𝑝 represents the augmented prior term, while 𝑎 conventionally denotes the weight coefficient, typically 

set to a value greater than 0. In the scenario of classification problems, the prior term, 𝑝, corresponds to the prior 

probability attributed to positive examples. The pseudocode detailing the process of Tree Building in CatBoost is 

presented in Algorithm 1. 

 

Algorithm 1: Tree Building in CatBoost 

Input : 𝑀, {(𝐱𝑖, 𝑦𝑖)}𝑖=1
𝑛 , 𝛼, 𝐿, {𝜎𝑖}𝑖=1

𝑠 , Mode 

1: grad ← CalcGradient (𝐿,𝑀, 𝑦); 
2: 𝑟 ← random⁡(1, 𝑠); 
3: if Mode = Plain then 

4: 𝐺 ← (grad𝑟⁡(𝑖) for 𝑖 = 1. . 𝑛); 
5: if Mode = Ordered then 

6: G ← (grad𝑟,𝜎𝑟(𝑖)−1(𝑖)⁡for⁡𝑖 = 1. . 𝑛) ; 

7: 𝑇 ← empty tree; 

8: forall step of top-down procedure do 

9:     forall candidate split 𝑐 do 

10:          𝑇𝑐 ← add split 𝑐 to 𝑇; 

11:         if Mode = Plain then 

12:              Δ(𝑖) ← avg⁡(grad𝑟⁡(𝑝) for 

13:              𝑝: lea⁡ 𝑓𝑟(𝑝) = lea 𝑓𝑟(𝑖)) for 𝑖 = 1. . 𝑛; 

14:           if Mode = Ordered then 

15:               Δ(𝑖) ← avg⁡(grad𝑟,𝜎𝑟(𝑖)−1⁡(𝑝) for 

16:              𝑝: leaf𝑟⁡(𝑝) = leaf ⁡𝑟(𝑖), 𝜎𝑟(𝑝) < 𝜎𝑟(𝑖)) 
17:               for 𝑖 = 1. . 𝑛; 

18:           loss⁡(𝑇𝑐) ← cos⁡(Δ, 𝐺) 

19:   𝑇 ← arg⁡min𝑇𝑐  (loss⁡(𝑇𝑐)) 

20: if Mode = Plain then 

21:    𝑀𝑟′(𝑖) ← 𝑀𝑟′(𝑖) − 𝛼avg⁡(grad𝑟′ ⁡(𝑝) for 

22:    𝑝 : lea 𝑓𝑟′(𝑝) = lea 𝑓𝑟′(𝑖)) for 𝑟′ = 1. . 𝑠, 𝑖 = 1. . 𝑛; 

23: if Mode = Ordered then 

24:  𝑀𝑟′,𝑗(𝑖) ← 𝑀𝑟′,𝑗(𝑖) − 𝛼avg⁡(grad𝑟′,𝑗 ⁡(𝑝) for 

25:  𝑝: lea 𝑓𝑟′(𝑝) = lea 𝑓𝑟′(𝑖), 𝜎𝑟′(𝑝) ≤ 𝑗) for 𝑟′ = 1. . 𝑠, 

26:    𝑖 = 1. . 𝑛, 𝑗 ≥ 𝜎𝑟′(𝑖) − 1; 

27: return 𝑇,𝑀 

3. Experimental Design 

This section elucidates the meticulously crafted experimental design that underpins the empirical validation of the 

predictive models developed in this study. Anchored in the methodological framework outlined in the preceding 

section, this segment unveils the systematic blueprint guiding the execution of experiments aimed at validating and 

evaluating the efficacy of the constructed information fusion models. 

In evaluating the predictive models for identifying passengers potentially transferred to alternate dimensions, a 

comprehensive array of evaluation measures, including Accuracy, AUC (Area Under the Curve), Recall, Precision, 

F1-score, Kappa, and MCC (Matthews Correlation Coefficient), were meticulously employed. Accuracy, a 

fundamental metric, gauges the overall correctness of the model predictions, providing a holistic view of its 

performance. AUC, complementing Accuracy, offers insights into the model's ability to discriminate between different 

classes, particularly crucial in imbalanced datasets. Recall, Precision, and F1-score delve deeper into the model's 

ability to correctly identify positive cases while minimizing false positives, emphasizing its efficacy in capturing 
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instances of interdimensional passenger transportation accurately. Kappa, a statistical measure, assesses the agreement 

between predicted and observed classifications, offering a nuanced understanding of the model's performance beyond 

chance. MCC, accounting for both true and false positives and negatives, provides a consolidated measure of the 

model's predictive prowess, particularly effective in scenarios with imbalanced classes. This comprehensive suite of 

evaluation measures ensures a multifaceted assessment, offering nuanced insights into the models' predictive 

capabilities and their applicability in identifying individuals potentially transferred to alternate dimensions within the 

realm of interdimensional travel. 

The experimentation of our dataset encompasses two distinct files: 'train.csv' holding personal records for 

approximately two-thirds of the passengers, serving as the training data, and 'test.csv' containing details for the 

remaining one-third, designated as the test data for predictive modeling. Each entry in the dataset encompasses diverse 

fields such as PassengerId, denoting a unique identifier for passengers traveling in groups, wherein 'gggg' signifies the 

group and 'pp' represents the individual's number within the group. The dataset encompasses crucial attributes 

including HomePlanet, indicating the passenger's departure planet, CryoSleep denoting their choice of suspended 

animation during the voyage, and Cabin specifying the cabin details including deck, number, and side of the ship. 

Essential features such as Destination, Age, VIP status, and expenditures at various amenities like RoomService, 

FoodCourt, ShoppingMall, Spa, and VRDeck are included, providing a comprehensive profile of passengers. The 

'Transported' column serves as the target variable, indicating whether a passenger was transported to an alternate 

dimension, serving as the focal point for prediction in this dataset. This structured dataset composition provides a rich 

array of features to facilitate the development and validation of predictive models aimed at identifying individuals 

potentially transferred to alternate dimensions within the context of the Spaceship Titanic voyage. 

The implementation setup for this research involved a robust hardware infrastructure and software ecosystem to 

facilitate the development and evaluation of predictive models. The hardware configuration comprised high-

performance computing resources, including servers equipped with multi-core processors manufactured by Intel (e.g., 

Intel Xeon Gold series), offering substantial computational capacity essential for intensive data processing tasks. 

These servers were complemented by NVIDIA RTX 3050 , known for their prowess in accelerating machine learning 

computations. The software stack encompassed diverse tools and frameworks: Python as the primary programming 

language leveraging libraries like Pandas, NumPy, and Scikit-learn for data manipulation, analysis, and model 

development. 

4. Results and Discussion 

This section unveils the culmination of the research endeavor, presenting the empirical findings derived from the 

constructed predictive models and delving into a comprehensive discussion of their implications. This section 

encapsulates the outcomes of rigorous experimentation, evaluation, and validation of the predictive models aimed at 

identifying passengers potentially transported to alternate dimensions. In Figure 1, we present a detailed visualization 

showcasing the distribution of nominal variables extracted from the dataset. This graphical representation offers a 

comprehensive insight into the categorical attributes within the dataset, portraying the frequency and distribution of 

distinct categories across various features such as HomePlanet, Cabin, Destination, VIP status, and the Transported 

variable. The visualization encapsulates the diversity and spread of these nominal variables, providing a visual 

narrative of the dataset's categorical composition. By depicting the categorical distributions, this figure serves as a 

foundational reference, enabling a deeper understanding of the categorical makeup and highlighting potential patterns 

or imbalances that could influence the predictive modeling process. This graphical depiction of nominal variable 

distributions aids in establishing a preliminary understanding of the categorical data landscape, setting the stage for 

subsequent analyses and model development within the realm of interdimensional passenger identification. 
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In Figure 2, we present a comprehensive visualization illustrating the distribution of the continuous variable 

"Transportation" extracted from the dataset. This graphical representation offers a detailed depiction of the distribution 

of values pertaining to the transportation variable, showcasing the range, spread, and frequency distribution of these 

continuous data points. This visualization serves as a crucial  reference point in understanding the variability and 

statistical characteristics of the "Transportation" variable. By portraying the distribution of this continuous variable, 

Figure 2 facilitates insights into the central tendency, variability, and potential outliers within the dataset, providing a 

foundational understanding essential for subsequent statistical analyses and modeling endeavors aimed at discerning 

patterns related to interdimensional passenger transportation. 

Figure 1: Distribution of Nominal Variables Across Dataset 

Attributes 
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In Figure 3, we present visual representations highlighting missing values within the dataset. Upon exploration, an 

intriguing observation emerged: a discernible linear relationship between the "cabin_number" and "group_number" 

attributes on a deck-by-deck basis. This compelling finding indicates a consistent pattern where the group number and 

cabin number exhibit a linear correlation within specific decks of the spaceship. Leveraging this observed linear 

relationship, we successfully employed linear regression on a deck-by-deck basis to extrapolate missing cabin 

numbers, enabling the approximate estimation of these values. This innovative approach allowed us to impute missing 

cabin numbers by utilizing the predictive capacity of linear regression, capitalizing on the coherent relationship 

between group numbers and cabin numbers within distinct decks. This methodological intervention proves 

instrumental in mitigating missing data concerns, facilitating a more comprehensive and complete dataset for 

subsequent analyses and modeling tasks related to interdimensional passenger identification.  

Table 1 presents a comprehensive overview of the quantitative results derived from the proposed predictive model 

alongside competing models employed in this study. This tabulated presentation encapsulates diverse performance 

metrics, including Accuracy, AUC (Area Under the Curve), Recall, Precision, F1-score, Kappa, and MCC (Matthews 

Correlation Coefficient), meticulously evaluated across the proposed model and alternate methodologies. By 

juxtaposing the performance metrics of different models in a tabular format, Table 1 provides a comparative 

assessment, facilitating a nuanced understanding of the efficacy and strengths of the proposed predictive model against 

its counterparts. These quantitative results serve as a crucial reference point in assessing the predictive prowess of the 

proposed model concerning alternate methodologies, offering insights into its superiority or comparative performance 

within the domain of interdimensional passenger identification. 

 

Figure 2: Distribution of Continuous Variable 'Transportation' Across Dataset 

Figure 3: Visualization of Missing Values and Linear Relationship between 'Cabin_Number' and 

'Group_Number' by Decks 
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Table 1: Quantitative Comparison of Performance Metrics Across Proposed and Competing Predictive Models 

Model Accuracy AUC Recall Prec. F1 Kappa MCC 

Quadratic Discriminant 

Analysis 

0.5085 0.5090 0.4189 0.5315 0.4490 0.0179 0.0222 

SVM - Linear Kernel 0.7237 0.0000 0.7901 0.7166 0.7414 0.4468 0.4642 

Decision Tree Classifier 0.7516 0.7515 0.7621 0.7486 0.7553 0.5031 0.5032 

Naive Bayes 0.7727 0.8471 0.8945 0.7211 0.7984 0.5447 0.5616 

K Neighbors Classifier 0.7770 0.8501 0.7658 0.7856 0.7755 0.5541 0.5543 

Ridge Classifier 0.7898 0.0000 0.8506 0.7603 0.8028 0.5793 0.5836 

Linear Discriminant Analysis 0.7898 0.8739 0.8506 0.7603 0.8028 0.5793 0.5836 

Extra Trees Classifier 0.7907 0.8639 0.7610 0.8114 0.7852 0.5816 0.5829 

Logistic Regression 0.7937 0.8800 0.8293 0.7761 0.8018 0.5873 0.5888 

Ada Boost Classifier 0.7963 0.8777 0.8418 0.7736 0.8061 0.5924 0.5950 

Random Forest Classifier 0.7983 0.8816 0.7732 0.8162 0.7940 0.5967 0.5977 

Gradient Boosting Classifier 0.8012 0.8949 0.8360 0.7835 0.8088 0.6022 0.6037 

Extreme Gradient Boosting 0.8071 0.8938 0.7993 0.8140 0.8065 0.6143 0.6146 

Light Gradient Boosting 

Machine 

0.8076 0.8998 0.8141 0.8058 0.8098 0.6151 0.6154 

CatBoost Classifier 0.8151 0.9054 0.8222 0.8127 0.8173 0.6302 0.6304 

 

In Figure 4, we present the SHAP (SHapley Additive exPlanations) explanation, a pivotal visualization elucidating 

the interpretability of the proposed predictive model. This graphical representation offers profound insights into the 

model's inner workings by showcasing the contribution of each feature towards individual predictions. SHAP 

explanations portray the impact and magnitude of each variable on the model's decision-making process regarding 

interdimensional passenger identification. By displaying these explanations, Figure 4 provides a comprehensive 

understanding of the significance and influence of individual features, shedding light on the model's decision logic. 

This visualization not only enhances transparency but also empowers stakeholders to comprehend the model's 

rationale behind predictions, fostering trust and confidence in the model's predictive capabilities within the domain of 

interdimensional travel. 
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5. Related Works 

This section serves as a critical cornerstone, synthesizing a diverse array of scholarly contributions, theories, and 

methodologies that have shaped our current comprehension of interdimensional phenomena. Cansiz et al. [13] 

conducted a significant study focusing on the prediction of CO2 emissions within the transportation sector. They 

employed information fusion techniques to model and forecast emissions, highlighting the potential of advanced 

algorithms in understanding and possibly mitigating environmental impacts within transportation. Ramos et al. [14] 

contributed to the field by exploring the prediction of critical speeds of railway tracks using artificial intelligence 

algorithms. Their research holds implications for railway safety and efficiency, demonstrating the applicability of AI 

in enhancing predictive capabilities in transportation infrastructure. Olugbade et al. [15] provided an extensive review 

detailing the diverse applications of artificial intelligence and machine learning for incident detection in road transport 

systems. Their work synthesized various methodologies and highlighted the efficacy of AI in enhancing safety 

measures and incident response in transportation networks. Nalbandian [16] critically assessed the role of artificial 

intelligence tools in migration and asylum management. This study not only surveyed existing applications but also 

analyzed the ethical and practical implications of employing AI in sensitive societal domains, contributing to the 

Figure 4: SHAP Explanations Depicting Feature Contributions in the Proposed Predictive Model 
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discourse on responsible AI integration in humanitarian contexts. Soori et al. [17] offered a comprehensive review 

that integrated artificial intelligence, machine learning, and deep learning in advanced robotics. Their work examined 

the evolving landscape of robotics, emphasizing the synergistic potential of AI-based technologies in shaping the 

future of intelligent robotic systems. 

Gawronska et al. [18] utilized artificial intelligence algorithms to reconstruct heat transfer coefficients during heat 

conduction modeling. This research contributed to the advancement of understanding heat transfer processes, 

showcasing the applicability of AI techniques in modeling complex physical phenomena. Szaruga and Załoga [19] 

contributed to sustainable development programming by identifying non-efficient units in airports. Their work 

provided insights into optimizing resource allocation and efficiency in airport operations, demonstrating the practical 

implications of AI-driven analyses in sustainable transportation infrastructure. Yue and Ma [20] proposed an LSTM-

based transformer for forecasting transfer passenger flow between transportation integrated hubs in urban 

agglomerations. This innovative approach holds promise for enhancing transportation planning and resource 

allocation in densely populated urban areas.  Wang et al. [21] developed dynamic speed trajectory generation and 

tracking control systems for autonomous driving of high-speed trains, integrating deep learning and backstepping 

control methods. Their work showcased the potential of AI in improving safety and precision in autonomous 

transportation systems. Utku and Kaya [22] introduced a novel deep learning-based passenger flow prediction model, 

potentially revolutionizing predictive capabilities in transportation planning and management, facilitating efficient 

resource allocation and crowd management. Havugimana et al. [23] conducted a comprehensive review of artificial 

intelligent algorithms relevant to engine performance, control, and diagnosis. Their work contributed to understanding 

the diverse applications of AI in optimizing engine efficiency and performance across various domains. Chen and 

Zhang [24] applied artificial intelligence and deep belief networks to predict traffic congestion evacuation 

performance in smart cities. Their study aimed to enhance emergency response strategies, showcasing the potential of 

AI in optimizing urban transportation systems during crises. 

6. Conclusion  

This study underscores the significance of information fusion, particularly CatBoost, in the intricate domain of 

interdimensional passenger identification. Through meticulous exploration and model development, we've 

demonstrated the efficacy of leveraging innovative techniques to decipher patterns within complex datasets. 

CatBoost's adeptness in handling categorical variables, addressing gradient bias, and mitigating overfitting has 

emerged as a pivotal asset in accurately identifying individuals potentially transferred to alternate dimensions. The 

implementation of novel strategies like priori distribution terms and Greedy TS augmentation has further solidified 

CatBoost's capacity to discern nuanced relationships within categorical data, leading to more refined predictions. This 

work not only contributes to the advancement of predictive modeling but also opens avenues for enhanced 

understanding and potential applications in realms beyond interdimensional travel. As we navigate the evolving 

landscape of information fusion and its applications in unconventional domains, this study underscores the promise 

and potential of machine learning algorithms like CatBoost. The successes achieved in this endeavor pave the way for 

further exploration, encouraging continued research into refining predictive models for intricate phenomena. 

Ultimately, the fusion of cutting-edge methodologies and innovative algorithms, as demonstrated in this study, holds 

promise not just for the realm of interdimensional passenger identification but also for broader applications across 

diverse domains, fostering a deeper comprehension of complex phenomena and enhancing predictive capabilities in 

unconventional yet impactful areas. 
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