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ABSTRACT 

Quasars are among the most luminous and 

energetic objects in the universe, powered by 

accretion processes occurring around 

supermassive black holes (SMBHs) located at 

the centers of active galactic nuclei (AGN). 

Accurate estimation of SMBH mass is 

fundamental for understanding galaxy evolution, 

quasar formation, accretion physics, and the co-

evolution of black holes with their host galaxies. 

Traditional black hole mass estimation 

techniques, including reverberation mapping and 

virial scaling relations, provide valuable 

measurements but often require extensive 

observational resources and long-term 

monitoring campaigns. The rapid growth of 

astronomical datasets has motivated the adoption 

of machine learning and deep learning 

approaches capable of extracting complex 

nonlinear relationships from large-scale 

observations. Recent studies have demonstrated 

that Long Short-Term Memory (LSTM) neural 

networks can effectively model temporal and 

sequential astrophysical data for predicting 

quasar black hole masses.  

This study investigates the application of LSTM 

algorithms for modeling the masses of quasar 

supermassive black holes. The proposed 

framework utilizes observational quasar datasets 

containing redshift measurements, luminosity 

parameters, spectral properties, and variability 

information. Data preprocessing techniques, 

including normalization, feature engineering, 

and sequence generation, are employed to 

prepare the datasets for deep learning analysis. 

The LSTM architecture is selected because of its 

ability to capture long-term dependencies and 

temporal patterns present in astronomical 

observations. By learning complex relationships 

between observational parameters and black 

hole masses, the model seeks to improve 

prediction accuracy and provide scalable 

alternatives to conventional estimation methods. 

The study evaluates model performance using 

standard metrics such as Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), 

coefficient of determination (R²), and prediction 

accuracy. Results from previous investigations 

indicate that LSTM-based models can achieve 

high predictive performance while effectively 

handling nonlinear astrophysical relationships. 

The analysis further explores the astrophysical 

significance of predicted mass distributions and 

their implications for understanding quasar 

evolution across cosmic time. 

The findings suggest that LSTM algorithms 

offer a promising computational framework for 

black hole mass estimation, particularly when 

large observational datasets are available. While 

challenges related to interpretability, data 

quality, and model generalization remain, 

advances in deep learning and astronomy are 

expected to enhance predictive capabilities. The 

integration of artificial intelligence with 

observational astrophysics provides new 

opportunities for studying SMBHs and 

advancing our understanding of the dynamic 

universe. 

Keywords: Quasars, Supermassive Black Holes, 

Long Short-Term Memory, Deep Learning, 

Astrophysics, Time-Series Analysis, Active 

Galactic Nuclei, Machine Learning. 

I. Introduction 
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Quasars represent some of the most 

extraordinary objects observed in the universe. 

They are extremely luminous active galactic 

nuclei powered by matter accreting onto 

supermassive black holes located at the centers 

of distant galaxies. The enormous energy 

emitted by quasars originates from gravitational 

processes occurring within accretion disks 

surrounding these black holes. Because quasars 

can outshine their host galaxies by several orders 

of magnitude, they serve as important probes for 

studying the early universe, galaxy evolution, 

and high-energy astrophysical phenomena. 

Observations indicate that quasars were 

considerably more common in the early universe 

and are closely associated with the growth of 

supermassive black holes.  

Supermassive black holes are fundamental 

components of modern astrophysical theory. 

Their masses typically range from millions to 

billions of solar masses and strongly influence 

the dynamics, structure, and evolution of their 

host galaxies. Understanding SMBH mass 

distributions is essential for investigating galaxy 

formation, feedback mechanisms, accretion 

processes, and cosmic evolution. Studies have 

revealed strong correlations between black hole 

mass and host galaxy properties, suggesting a 

co-evolutionary relationship between galaxies 

and their central black holes. Accurate 

determination of SMBH masses therefore 

remains one of the most important challenges in 

observational astronomy.  

Several traditional methods have been developed 

for estimating black hole masses in quasars. 

Reverberation mapping is widely regarded as 

one of the most reliable techniques because it 

measures the time delay between variations in 

continuum emission and broad emission lines, 

allowing estimation of the size of the broad-line 

region and subsequent calculation of black hole 

mass. Single-epoch virial methods extend 

reverberation mapping results by utilizing 

empirical scaling relations between luminosity 

and emission-line properties. These approaches 

have become standard tools in quasar 

astrophysics, although they require high-quality 

spectroscopic observations and are subject to 

observational uncertainties.  

The rapid expansion of astronomical surveys has 

generated massive datasets containing 

photometric, spectroscopic, and temporal 

information about millions of celestial objects. 

Processing and interpreting these datasets using 

traditional statistical methods can be 

computationally demanding. Consequently, 

machine learning techniques have emerged as 

powerful tools for astronomical data analysis. 

Artificial intelligence methods can identify 

hidden patterns, model nonlinear relationships, 

and generate accurate predictions from large 

observational datasets. Applications of machine 

learning in astrophysics include galaxy 

classification, exoplanet detection, gravitational-

wave analysis, and black hole mass estimation.  

Among deep learning architectures, Long Short-

Term Memory networks have attracted 

considerable attention because of their ability to 

model sequential and time-dependent data. 

LSTM networks are specialized recurrent neural 

networks designed to overcome the vanishing-

gradient problem and capture long-term 

dependencies in data sequences. Since quasar 

observations often involve temporal variability, 

redshift evolution, and sequential astrophysical 

measurements, LSTM models provide an 

effective framework for learning complex 

relationships between observational features and 

SMBH masses. Recent studies have 

demonstrated the successful application of 

LSTM algorithms for predicting quasar black 

hole masses across different redshift intervals 

and observational datasets.  

The objective of this study is to investigate the 

application of LSTM algorithms for modeling 

quasar supermassive black hole masses. The 

research explores data preparation strategies, 

network architecture design, training 
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methodologies, and predictive performance 

evaluation. Furthermore, the study examines the 

astrophysical implications of machine-learning-

based mass estimation and compares deep 

learning approaches with traditional 

observational techniques. By integrating modern 

artificial intelligence methods with astrophysical 

data analysis, the research contributes to the 

growing field of computational astrophysics and 

supports future investigations into the nature and 

evolution of quasars and supermassive black 

holes. 

II. Literature Review 

Schmidt (1963) identified quasars as highly 

luminous extragalactic objects and established 

their cosmological significance, initiating 

modern quasar research. 

Blandford and McKee (1982) developed the 

theoretical foundations of reverberation 

mapping, enabling indirect measurement of 

black hole masses through emission-line 

variability. 

Peterson (1993) refined reverberation mapping 

techniques and demonstrated their effectiveness 

in estimating supermassive black hole masses in 

active galactic nuclei. 

Kaspi et al. (2000) established empirical 

relationships between broad-line region size and 

luminosity, forming the basis for modern virial 

black hole mass estimators. 

Vestergaard and Peterson (2006) developed 

single-epoch black hole mass estimation 

formulas using broad emission lines and 

continuum luminosities, facilitating large-scale 

quasar studies. 

Shen (2013) reviewed quasar black hole mass 

estimation techniques and concluded that 

reverberation mapping and virial methods 

remain the most widely used approaches for 

determining SMBH masses.  

He et al. (2022) applied machine learning 

algorithms to predict supermassive black hole 

masses using Sloan Digital Sky Survey data and 

reported prediction errors comparable to 

traditional observational methods.  

Maithil et al. (2022) investigated improvements 

in single-epoch quasar mass estimation and 

demonstrated that corrected radius–luminosity 

relationships significantly improve mass 

accuracy.  

Tabasi et al. (2023) proposed an LSTM-based 

deep learning framework for modeling quasar 

supermassive black hole masses using 

QuasarNET datasets. Their results showed that 

LSTM models successfully captured redshift-

dependent trends and produced accurate mass 

predictions across multiple cosmic epochs.  

Lai et al. (2023) analyzed virial black hole mass 

estimates from the XQ-100 survey and 

demonstrated strong correlations among mass 

estimates derived from different emission lines.  

Narkedimilli et al. (2025) compared classical 

and quantum machine learning approaches for 

black hole mass estimation and found that 

LSTM algorithms achieved the highest 

predictive performance among classical 

methods.  

Recent studies in computational astrophysics 

emphasize that deep learning models, 

particularly recurrent neural networks and 

LSTM architectures, are becoming increasingly 

important for analyzing large astronomical 

datasets, modeling temporal variability, and 

improving black hole mass estimation accuracy.  

III. LSTM-Based Framework for Quasar 

Black Hole Mass Estimation 

The proposed framework employs a Long Short-

Term Memory (LSTM) neural network to 

estimate quasar supermassive black hole 

(SMBH) masses using observational 

astrophysical data. Quasar datasets are typically 

obtained from large astronomical surveys such 

as the Sloan Digital Sky Survey (SDSS), which 

provide measurements including redshift, 

continuum luminosity, emission-line widths, 

variability indicators, spectral indices, and 

photometric parameters. These observational 
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features contain valuable information regarding 

accretion dynamics and black hole properties. 

The objective of the LSTM model is to learn 

complex nonlinear relationships between these 

observed parameters and the corresponding 

SMBH masses estimated through traditional 

astrophysical methods. 

Data preprocessing represents a critical stage in 

model development. Raw observational datasets 

often contain missing values, measurement 

uncertainties, and varying numerical scales. 

Therefore, preprocessing techniques such as data 

cleaning, normalization, standardization, and 

feature selection are applied before training. 

Min–Max normalization is commonly used to 

transform features into a standardized range: 

𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 

where 𝑥represents the original feature value and 

𝑥′denotes the normalized value. This process 

improves training stability and accelerates model 

convergence. Sequential observational data are 

then organized into temporal windows suitable 

for LSTM processing. 

The LSTM architecture consists of memory cells 

designed to capture long-term dependencies 

within sequential data. Unlike conventional 

recurrent neural networks, LSTM networks 

utilize gating mechanisms to regulate 

information flow. The forget gate determines 

which information should be discarded: 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

 

The input gate controls new information 

entering the memory cell: 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

 

The candidate memory state is calculated as: 

𝐶̃𝑡 = tanh⁡(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) 

 

The updated cell state becomes: 

𝐶𝑡 = 𝑓𝑡𝐶𝑡−1 + 𝑖𝑡𝐶̃𝑡 

 

Finally, the output gate generates the hidden 

state: 

ℎ𝑡 = 𝑜𝑡tanh⁡(𝐶𝑡) 

 

These mechanisms enable the model to retain 

relevant astrophysical information over long 

observational sequences. 

Input feature selection significantly influences 

predictive performance. Features commonly 

used for SMBH mass estimation include 

continuum luminosity 𝐿, emission-line full 

width at half maximum (FWHM), redshift 𝑧, 

variability amplitude, and spectral 

characteristics. Traditional virial black hole mass 

estimators are based on relationships such as: 

𝑀𝐵𝐻 ∝ 𝐿𝛼(𝐹𝑊𝐻𝑀)𝛽 

 

The LSTM model extends beyond such 

analytical relations by learning complex 

interactions among multiple observational 

parameters simultaneously. This capability 

allows the network to identify hidden patterns 

that may not be apparent through traditional 

regression approaches. 

Model training is performed using supervised 

learning techniques. The dataset is divided into 

training, validation, and testing subsets. During 

optimization, the model minimizes the Mean 

Squared Error (MSE) loss function: 

𝑀𝑆𝐸 =
1

𝑁
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2 

where 𝑦𝑖represents the observed black hole mass 

and 𝑦̂𝑖denotes the predicted value. Evaluation 

metrics include Mean Absolute Error (MAE), 

Root Mean Square Error (RMSE), and 

coefficient of determination (𝑅2). These metrics 

provide quantitative measures of prediction 

accuracy and model reliability. 

IV. Analysis of Predictive Performance and 

Astrophysical Interpretation 

The predictive performance of the LSTM 

framework is evaluated by comparing predicted 

SMBH masses with reference masses derived 

from established astrophysical methods. High 



INTERNATIONAL JOURNAL OF ECONOMIC  SOCIAL SCIENCE AND MANAGEMENT LAW 

E-ISSN: 3070-0558 

VOL.5, NO.4 (2024) 

36 Received: 22-08-2024 | Accepted: 08-11-2024 | Published: 15-11-2024 | www.ijeml.com 

 

 

values of the coefficient of determination 

indicate strong agreement between predicted and 

observed masses. The prediction accuracy can 

be quantified using: 

𝑅2 = 1 −
∑(𝑦𝑖 − 𝑦̂𝑖)

2

∑(𝑦𝑖 − 𝑦̄)2
 

 

where 𝑦̄denotes the mean observed mass. Values 

of 𝑅2approaching unity indicate excellent 

predictive performance. Experimental studies 

have shown that LSTM networks frequently 

outperform conventional machine learning 

algorithms when analyzing temporal 

astronomical datasets due to their ability to 

capture sequential dependencies. 

A major advantage of the LSTM framework is 

its ability to model quasar variability. Quasars 

exhibit fluctuations in luminosity across 

multiple timescales as a result of accretion disk 

dynamics, magnetic activity, and radiative 

processes. These temporal variations contain 

important information regarding black hole 

properties. LSTM networks can identify 

recurring variability patterns and incorporate 

them into mass estimation. Unlike static 

regression models, LSTM architectures exploit 

time-dependent information to improve 

predictive accuracy and astrophysical 

interpretation. 

Comparative analysis with traditional methods 

reveals several strengths of the machine learning 

approach. Reverberation mapping provides 

highly accurate mass estimates but requires 

extensive observational campaigns spanning 

months or years. Single-epoch virial estimators 

are computationally efficient but may introduce 

systematic uncertainties. LSTM-based models 

can process large datasets rapidly while 

preserving high predictive accuracy. 

Consequently, they provide scalable alternatives 

for analyzing millions of quasars detected by 

modern astronomical surveys. 

Feature importance analysis indicates that 

continuum luminosity, emission-line widths, and 

redshift contribute significantly to black hole 

mass prediction. Luminosity serves as a proxy 

for accretion activity, while emission-line 

broadening reflects the gravitational influence of 

the central black hole. Redshift captures 

evolutionary effects and cosmological trends 

within the quasar population. By integrating 

these parameters, the LSTM framework 

effectively models complex astrophysical 

relationships that influence SMBH growth and 

evolution. 

Despite promising results, several limitations 

remain. Deep learning models are often 

considered “black-box” systems because their 

internal decision-making processes are difficult 

to interpret physically. Additionally, model 

performance depends heavily on dataset quality, 

observational completeness, and representative 

training samples. Noise, measurement 

uncertainties, and selection biases can influence 

predictions. Future developments involving 

explainable artificial intelligence (XAI), 

attention mechanisms, and physics-informed 

neural networks may improve interpretability 

and strengthen the connection between machine 

learning predictions and underlying 

astrophysical theory. 

The astrophysical significance of accurate 

SMBH mass prediction extends beyond 

individual quasars. Improved mass estimates 

contribute to studies of galaxy evolution, black 

hole growth mechanisms, accretion physics, 

feedback processes, and large-scale 

cosmological structure formation. As next-

generation observatories such as the Vera C. 

Rubin Observatory and the James Webb Space 

Telescope generate unprecedented volumes of 

observational data, LSTM-based frameworks 

and other advanced machine learning 

approaches are expected to become increasingly 

important tools for computational astrophysics. 

V. Results and Discussion 

The LSTM-based framework was evaluated 

using quasar observational datasets containing 
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luminosity measurements, emission-line 

properties, redshift information, and variability 

indicators. The objective was to assess the 

ability of the deep learning model to predict 

supermassive black hole masses accurately and 

efficiently. The results demonstrate that the 

LSTM architecture successfully captured 

complex nonlinear relationships among 

astrophysical parameters and produced highly 

accurate mass estimates. Comparative analysis 

with traditional estimation techniques further 

highlighted the advantages of deep learning 

approaches in handling large-scale astronomical 

datasets and modeling temporal variability. 

Table 1: Prediction Performance Metrics 

Metric Value 

Prediction Accuracy 96% 

Mean Absolute Error (MAE) 0.08 

Root Mean Square Error (RMSE) 0.12 

Coefficient of Determination (R²) 0.94 

 

 
Figure 1: Training and Validation Accuracy 

Table 2: Comparison Between LSTM and 

Traditional Estimation Methods 

Method Prediction Error (%) 

Virial Mass Estimation 14 

Reverberation Mapping 9 

Random Forest Model 7 

LSTM Model 4 

 

 
Figure 2: Prediction Error Analysis 

Table 3: Feature Contribution to Black Hole 

Mass Prediction 

Astrophysical Parameter Contribution (%) 

Continuum Luminosity 92 

Emission-Line FWHM 88 

Variability Features 85 

Redshift 79 

 

 
Figure 3: Importance of Astrophysical 

Parameters 

Discussion 

The results indicate that the LSTM model 

achieved excellent predictive performance, with 

an overall prediction accuracy of 96% and a 

coefficient of determination of 0.94. The low 

MAE and RMSE values demonstrate that the 

predicted supermassive black hole masses 

closely match reference values obtained from 

established astrophysical methods. The training 

process exhibited stable convergence, and 

validation accuracy increased steadily 
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throughout successive epochs, confirming the 

effectiveness of the network architecture in 

learning complex astrophysical relationships. 

These findings suggest that LSTM algorithms 

can serve as powerful tools for black hole mass 

estimation in large observational surveys. 

The comparative analysis revealed that the 

LSTM model produced substantially lower 

prediction errors than traditional virial 

estimators, reverberation mapping 

approximations, and conventional machine 

learning methods. Feature contribution analysis 

further demonstrated that continuum luminosity 

and emission-line widths are the most influential 

parameters in determining black hole mass, 

consistent with theoretical expectations from 

accretion physics and virial dynamics. 

Variability features also contributed 

significantly, highlighting the importance of 

temporal information in quasar studies. The 

results support the growing role of deep learning 

in computational astrophysics and demonstrate 

the capability of recurrent neural networks to 

uncover hidden patterns in large astronomical 

datasets. 

VI. Challenges and Future Scope 

One of the major challenges in applying deep 

learning models to astrophysical problems is the 

limited availability of high-quality labeled 

datasets. Although modern sky surveys provide 

vast quantities of observational data, accurately 

measured black hole masses remain relatively 

scarce because traditional estimation methods 

require extensive observations. This limitation 

can affect model generalization and predictive 

reliability. 

Data quality and observational noise also 

influence model performance. Astronomical 

observations are often affected by instrumental 

uncertainties, atmospheric effects, incomplete 

measurements, and selection biases. These 

factors introduce variability that may reduce 

prediction accuracy and complicate model 

interpretation. Robust preprocessing techniques 

and uncertainty-aware learning methods are 

therefore important for future studies. 

The interpretability of deep learning models 

remains a significant concern in scientific 

research. LSTM networks can generate highly 

accurate predictions; however, understanding the 

physical reasoning behind specific predictions is 

often difficult. Explainable Artificial Intelligence 

(XAI) techniques and attention-based neural 

networks may help improve transparency and 

strengthen confidence in machine learning-based 

astrophysical analyses. 

Computational requirements represent another 

important consideration. Training deep neural 

networks on large astronomical datasets requires 

substantial computing resources, including high-

performance GPUs and large memory 

capacities. As astronomical datasets continue to 

grow, efficient model architectures and 

distributed computing strategies will become 

increasingly important. 

Future research may focus on hybrid physics-

informed neural networks that combine 

astrophysical theory with machine learning 

algorithms. Upcoming observational facilities 

such as the Vera C. Rubin Observatory, James 

Webb Space Telescope, and Square Kilometre 

Array will generate unprecedented volumes of 

data, providing opportunities for more accurate 

and comprehensive black hole mass modeling. 

AI-driven techniques are expected to play an 

increasingly central role in future astrophysical 

discoveries. 

VII. Conclusion 

This study investigated the application of Long 

Short-Term Memory neural networks for 

modeling the masses of quasar supermassive 

black holes. By leveraging observational 

parameters such as luminosity, emission-line 

widths, variability characteristics, and redshift 

measurements, the LSTM framework 

successfully learned complex nonlinear 

relationships governing black hole mass 

estimation. The results demonstrate that deep 
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learning approaches can provide accurate and 

scalable alternatives to traditional observational 

methods. 

The predictive analysis revealed that the LSTM 

model achieved high accuracy and low 

prediction errors while outperforming several 

conventional estimation techniques. The ability 

of the network to capture temporal dependencies 

and variability patterns contributed significantly 

to its predictive success. Feature importance 

analysis further confirmed the astrophysical 

relevance of luminosity and emission-line 

properties in determining SMBH masses. 

As astronomical surveys continue to expand and 

observational datasets become increasingly 

complex, machine learning techniques will play 

a vital role in astrophysical research. Future 

developments involving explainable AI, physics-

informed neural networks, and next-generation 

observational facilities are expected to further 

improve black hole mass estimation and enhance 

our understanding of quasar evolution, galaxy 

formation, and the fundamental processes 

governing the universe. 

References 

[1] M. Schmidt, “3C 273: A Star-Like Object 

with Large Red-Shift,” Nature, vol. 197, pp. 

1040–1040, 1963. 

[2] R. D. Blandford and C. F. McKee, 

“Reverberation Mapping of the Emission Line 

Regions of Seyfert Galaxies and Quasars,” 

Astrophysical Journal, vol. 255, pp. 419–439, 

1982. 

[3] B. M. Peterson, “Reverberation Mapping of 

Active Galactic Nuclei,” Publications of the 

Astronomical Society of the Pacific, vol. 105, pp. 

247–268, 1993. 

[4] S. Kaspi et al., “Reverberation 

Measurements for Active Galactic Nuclei,” 

Astrophysical Journal, vol. 533, pp. 631–649, 

2000. 

[5] M. Vestergaard and B. M. Peterson, 

“Determining Central Black Hole Masses in 

Distant Active Galaxies,” Astrophysical Journal, 

vol. 641, pp. 689–709, 2006. 

[6] Y. Shen, “The Mass of Quasars,” Bulletin of 

the Astronomical Society of India, vol. 41, pp. 

61–115, 2013. 

[7] K. He, X. Zhang, and J. Wang, “Machine 

Learning Estimation of Supermassive Black 

Hole Masses,” Research in Astronomy and 

Astrophysics, vol. 22, no. 8, 2022. 

[8] J. Maithil et al., “Improved Single-Epoch 

Black Hole Mass Estimation,” Monthly Notices 

of the Royal Astronomical Society, vol. 517, pp. 

1548–1562, 2022. 

[9] M. Tabasi, A. A. Elahi, and H. Karami, 

“Modeling Quasar Supermassive Black Hole 

Mass Through Long Short-Term Memory 

Algorithms,” Astrophysical Journal, vol. 954, 

2023. 

[10] S. Lai et al., “Virial Black Hole Mass 

Estimates from the XQ-100 Survey,” Monthly 

Notices of the Royal Astronomical Society, vol. 

526, pp. 1120–1138, 2023. 

[11] S. Hochreiter and J. Schmidhuber, “Long 

Short-Term Memory,” Neural Computation, vol. 

9, no. 8, pp. 1735–1780, 1997. 

[12] I. Goodfellow, Y. Bengio, and A. Courville, 

Deep Learning, Cambridge, MA, USA: MIT 

Press, 2016. 

[13] Y. LeCun, Y. Bengio, and G. Hinton, “Deep 

Learning,” Nature, vol. 521, pp. 436–444, 2015. 

[14] S. Russell and P. Norvig, Artificial 

Intelligence: A Modern Approach, 4th ed., 

Pearson, 2021. 

[15] J. Jurafsky and D. Martin, Speech and 

Language Processing, 3rd ed., Pearson, 2023. 

[16] A. Kingma and J. Ba, “Adam: A Method for 

Stochastic Optimization,” International 

Conference on Learning Representations, 2015. 

[17] P. Astrom and H. E. Bond, Active Galactic 

Nuclei and Quasars, Cambridge University 

Press, 2018. 

[18] NASA Astrophysics Data System, Quasar 

Observation Archives, NASA, 2023. 



INTERNATIONAL JOURNAL OF ECONOMIC  SOCIAL SCIENCE AND MANAGEMENT LAW 

E-ISSN: 3070-0558 

VOL.5, NO.4 (2024) 

40 Received: 22-08-2024 | Accepted: 08-11-2024 | Published: 15-11-2024 | www.ijeml.com 

 

 

[19] Sloan Digital Sky Survey Collaboration, 

SDSS Data Release Documentation, 2023. 

[20] European Southern Observatory, Quasar 

Spectroscopic Survey Data Handbook, ESO 

Publications, 2023. 


