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Abstract: Astrology consultations usually begin with understanding a person's birth details and
identifying the area of life for which guidance is required. When many consultation requests are
received, this initial categorization can become time-consuming. This study presents an Explainable
Artificial Intelligence (XAI) framework that uses Machine Learning (ML) and Natural Language
Processing (NLP) to recommend an appropriate astrology consultation category.

The frame work combines the user's natural-language consultation query with structured information
derived from birth details. The structured representation includes Lagna, planetary positions,
Nakshatra, Nakshatra Pada, Dasha information, age, and gender. TF-IDF is used to represent
consultation queries, and the resulting text features are combined with categorical and numerical
astrological features.

Decision Tree, Random Forest, and XGBoost are compared. XGBoost gives the strongest result on the
current held-out test set, with 95.00% accuracy, 96.25% weighted precision, 95.00% weighted recall,
and 95.00% weighted F1-score. SHAP and LIME are used to explain individual predictions. For the
example query “Should I change my current job?”, the model predicts Career with 92.88%
confidence.

A strict unseen-template evaluation gives 58.27% accuracy, indicating that substantially different
wording remains challenging. The study therefore presents the framework as a consultation-category
recommendation and decision-support approach rather than a scientific proof of astrological
relationships. Independent validation using genuine anonymized customer consultation records
remains important.

Keywords: Astrology Consultation; Machine Learning; Natural Language Processing; Explainable Al,
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L. INTRODUCTION
People seek astrology consultations for different areas of life, including career, marriage, education, finance, health,
and business. Before a consultation is conducted, the astrologer generally needs to understand the question and review
relevant birth-chart information. In a manual process, the initial categorization depends on the experience of the person
handling the request.
Artificial Intelligence can assist with this initial step. NLP can analyse how a user expresses a concern, while
supervised Machine Learning can learn patterns from previous consultation records and recommend a consultation

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/568 174

| 2581-9429 |8
t\ 1JARSCT /3
& <




( IJARSCT

y [/
xx International Journal of Advanced Research in Science, Communication and Technology l\
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 6, Issue 1, October 2026 Impact Factor: 8.2

category. The proposed framework also uses structured astrological variables so that the user's question is considered
together with birth-related context.

The purpose is not to replace an astrologer or establish scientific causality. Instead, the system is designed as a
decision-support layer that can help organise consultation requests and provide an interpretable reason for the
recommended category.

1.1 Objectives of the Study

The study aims to develop and evaluate a Machine Learning framework for consultation-category recommendation
using natural-language queries and structured astrological information. The work specifically addresses NLP-based
query processing, generation of astrological features, hybrid feature integration, comparison of Decision Tree, Random
Forest and XGBoost, evaluation using standard classification metrics, SHAP and LIME explanations, strict unseen-
template generalization testing, and independent primary-data validation.

II. LITERATURE REVIEW
Research on machine learning classification shows that tree-based methods remain useful for structured and mixed
feature spaces. Random Forest takes an average of multiple choice trees to enhance robustness and XGBoost employs
gradient boosting to create a strong sequence of trees (Breiman, 2001; Chen & Guestrin, 2016). Decision Tree Learning
is a good baseline for classification problems where the splits are interpretable and based on features (Quinlan, 1986).
TF-IDF is also a valid representation for text classification, as it transforms a document or query into weighted
numerical features based on term relevance (Ramos, 2003; Salton & Buckley, 1988). Although BM25 is not used as the
main representation in the current study, retrieval based work also brings up the importance of term weighting and
document/query matching (Robertson & Zaragoza, 2009).
The need to interpret predictions has led to techniques such as SHAP (Lundberg & Lee, 2017) that assigns feature-
attribution values, and LIME (Ribeiro et al., 2016) that builds a local interpretable approximation around an individual
prediction. Other work has discussed the evaluation of interpretability itself, and the difficulty of providing rigorous
explanations of complex models (Baehrens et al., 2010; Doshi-Velez & Kim, 2017; Sundarara.
Modern NLP has progressed from distributed word representations to contextual transformer models such as ELMo,
BERT, RoBERTa, DistilBERT, and the original Transformer architecture (Peters et al., 2018; Devlin et al., 2019; Liu
et al., 2019; Sanh et al., 2019; Vaswani et al., 2017). The present work intentionally uses TF-IDF as a transparent
baseline rather than a large pretrained language model. Deep-learning research has nevertheless established that
representation learning can capture complex patterns when sufficiently large data are available (LeCun et al., 2015;
Mikolov et al., 2013; Pennington et al., 2014).
Recommender-system research also supports the use of hybrid representations and contextual signals when a user
expresses a need in free-form language (Lu et al., 2015; He et al., 2017). These ideas are relevant to consultation
recommendation because the query directly expresses the user's area of concern.

III. RESEARCH GAPS

Previous astrology related research has explored profession prediction, event prediction and other horoscope based
classification tasks. Recent works include machine learning approaches for astrological prediction (Vigneswaran &
Nagadeepa, 2022) and deep learning based profession prediction (Kanade & Kanade, 2023; Jaiganesh & Parameswari,
2024a, 2024b; Jajoo et al., 2026). However, there is limited work that brings together a user's natural-language
consultation query, structured astrological information, consultation-category recommendation, and model explanations
within one framework.

The present study addresses this gap by integrating NLP, structured birth-chart features, supervised classification,
SHAP and LIME, while explicitly testing performance on unseen query wording.
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IV. RESEARCH METHODOLOGY
The research workflow follows these stages: data collection, preprocessing, NLP processing, astrological feature
generation, feature integration, model training, model evaluation, XAl interpretation, generalization testing, and
primary-data validation.
4.1 Data Collection
The initial model-development experiment used the publicly available Jyotish-LLM astrology dataset from Hugging
Face as secondary data. The study task was defined over six consultation categories: Career, Marriage, Health, Finance,
Education, and Business. The secondary dataset was used to develop and evaluate the initial model. A separate set of
genuine anonymized customer consultation responses was reserved for primary validation and was not used to inflate
the development result.
A separate 100-row synthetic test workbook was used only for pipeline testing and demonstration. It is not treated as
100 genuine customers and is not presented as primary research evidence.
4.2 Data Preprocessing
The data-processing stage included checking missing values and duplicates, cleaning consultation queries, encoding
categorical variables, scaling numerical variables, excluding personally identifiable information from model inputs, and
separating the consultation category as the target variable.
4.3 NLP Processing
Consultation questions were converted into TF-IDF word n-gram features. The final NLP representation contained 251
features. The representation captures terms and short word combinations that frequently distinguish categories, such as
employment and career terminology in a career-related question.
4.4 Astrological Feature Generation
Birth date, time, and place were processed using a deterministic astrological feature-generation component. The
framework used Lahiri sidereal calculations and derived Lagna, planetary Rashi, Nakshatra, Nakshatra Pada, planetary
longitudes, Dasha information, age, and gender. This feature-generation layer is separate from the ML classifier.
4.5 Feature Integration and Model Development
The final hybrid representation contained 251 NLP features, 446 encoded categorical features, and 12 numerical
features, giving a total of 709 features. Decision Tree, Random Forest, and XGBoost were trained within the same
experimental framework. The final selected XGBoost configuration used 150 estimators, maximum depth 2, learning
rate 0.05, minimum child weight 1, subsample 1.0, and column subsampling 0.8, with random state 42.
4.6 Experimental Design and Evaluation
The primary model-development dataset was divided using a stratified 80:20 split with random state 42. The held-out
test set contained 20 records and was kept untouched for final evaluation. Accuracy, weighted precision, weighted
recall, and weighted F1-score were used as the main metrics. An additional strict evaluation was performed using
previously unseen consultation-query templates to assess generalization.
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V. RESULTS AND DISCUSSION
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Figure 3. Confusion Matrix of the Final XGBoost
Model

The three models produced different classification performance. Decision Tree achieved 90.00% accuracy, Random
Forest achieved 85.00%, and XGBoost achieved 95.00%. XGBoost was therefore selected as the final model for the
current experiment.

The confusion matrix has 20 held out test records. All of the Business, Career, Education, Finance and Health were
correctly classified in the test set. For Marriage, 75% of the records were correctly classified and one was classified as
Finance. So the final model predicted 19 out of 20 correctly.

The final XGBoost result was 95.00% accuracy, 96.25% weighted precision, 95.00% weighted recall, and 95.00%
weighted F1-score. Because the test set is small, these figures should be treated as an experimental result rather than a
definitive real-world accuracy estimate.

5.1 Category-wise Performance and Feature Groups

Category-wise Classification Accuracy Feature-group Importance
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Figure 4. Category-wise Classification Accuracy Figure 5. Relative Importance of Feature Groups
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Category-wise accuracy was 100% for Business, Career, Education, Finance, and Health, while Marriage reached 75%
because of the single Marriage-to-Finance error in the test set.

Feature-group importance was dominated by the NLP representation (88.35%), followed by categorical features
(8.45%) and numerical features (3.20%). These percentages describe model feature importance and should not be
interpreted as contributions to accuracy.

VI. EXPLAINABLE AI INTERPRETATION
The final XGBoost model was analysed with SHAP and LIME to understand how individual features influenced
predictions. The purpose of the explanations is to make the classification process more transparent and to show the
evidence used by the model for an individual case.

6.1 SHAP Explanation

SHAP Local Explanation: Career Prediction LIME Local Explanation: Career Prediction
o . Sotum ongiuce
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Figure 6. SHAP-based Local Explanation Figure 7. LIME-based Local Explanation

For the consultation query “Should I change my current job?”, the final model predicted Career with 92.88%
confidence. The SHAP explanation showed strong positive contributions from terms associated with job, career,
current, and my current. Some structured features pushed in the opposite direction but had smaller effects.

LIME provided a complementary local explanation for the same prediction. Textual features related to change, job, and
current job supported the Career class, while selected numerical and categorical features made smaller contributions.
The two methods identified five common important features in the selected top-ranked sets. The top-20 overlap was
27.78% for SHAP and 25.00% for LIME, with 60.00% direction agreement. The difference illustrates that explanation
methods can highlight different aspects of the same local decision.
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VII. GENERALIZATION ANALYSIS
Standard vs Unseen-template Evaluation
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Figure 8. Model Performance under Different Evaluation Settings
A standard held-out test can overestimate practical performance when new questions resemble patterns seen during
model development. To examine this issue, a strict unseen-template evaluation was performed.
The standard held-out accuracy was 95.00%, whereas the strict unseen-template accuracy was 58.27%. The drop
indicates that the model benefits from wording patterns learned from the development data and has more difficulty
when the same consultation intent is expressed in substantially different language.

VIIL. PRIMARY DATA VALIDATION
The primary-data stage is intentionally separate from model development. The public Hugging Face dataset is
secondary data, while genuine customer consultation responses collected for the study constitute primary data. The
frozen final XGBoost model can be applied to these independent records without retraining.
The current primary-validation dataset contains a sample of genuine anonymized customer consultation records.
Primary validation is intended to report accuracy, precision, recall, Fl-score, a confusion matrix, and category-wise
performance. No primary metric is inserted here unless it has been computed directly from the genuine records.

IX. LIMITATIONS

The main limitations are the small 20-record held-out test set, the use of secondary/model-development data for the
initial experiment, the 58.27% strict unseen-template result, and the need for a larger and more diverse genuine
customer dataset. SHAP and LIME explain the behaviour of the ML model; they do not establish scientific causality for
astrological relationships.

Privacy is also important because genuine consultation records can contain personal information. Personally
identifiable information should be removed before modelling, and the system should be presented as consultation-
category decision support rather than a replacement for an astrologer or a medical diagnosis system.

X. CONCLUSION AND FUTURE WORK
This study presented an Explainable Al framework for personalized astrology consultation-category recommendation
using NLP and Machine Learning. The framework combines free-form consultation questions with structured
astrological features and compares Decision Tree, Random Forest and XGBoost models.
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The current best held-out performance was obtained by XGBoost achieving 95.00% accuracy, 96.25% weighted
precision, 95.00% weighted recall and 95.00% weighted F1-score. The confusion matrix shows 19 correct predictions
out of 20, with the only error being a Marriage query classified as Finance. SHAP and LIME provided local
explanations for a Career example, while the strict unseen-template evaluation showed that generalization remains a
major challenge.

The next stage is to validate the frozen model on a larger sample of genuine customer records, increase the diversity of
consultation questions, improve performance on unseen wording, compare TF-IDF with transformer-based NLP,
examine additional ensemble models, and evaluate the system with practicing astrologers. A standalone user interface
and later platform integration can follow after primary validation.

The findings therefore support the framework as an interpretable research prototype for consultation-category
recommendation, while emphasizing that the reported 95.00% accuracy should not be treated as final real-world
performance.
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