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Abstract: In an era of rapid digital transformation, hundreds of the world's endangered languages face extinction, erasing invaluable cultural
knowledge and unique worldviews. This threat is particularly acute for India's unwritten and marginalized tribal languages, which lack digital
representation. This research addresses this technological and cultural imperative by proposing a transformative role for Artificial Intelligence
(Al) in safeguarding this linguistic heritage. Our primary objective is to establish a scalable, data-driven framework that facilitates the
documentation, analysis, and potential revitalization of these vulnerable languages through Al-powered tools. Using a multi-modal approach
on a longitudinal archival dataset, our methodology integrated speech recognition, OCR, and translation models. We conducted a
comprehensive analysis encompassing phonetic fidelity to map sound systems, semantic accuracy to gauge lexical richness, and cultural context
integrity to assess cultural embedding. The study's principal innovation is the introduction of two novel metrics: the Overall Preservation Score
(OPS), a holistic index of current language vitality, and the Preservation Risk Index (PRI), a predictive model for future endangerment. These
indices provide an evidence-based, quantitative tool for moving beyond subjective assessments. Our findings successfully stratified the
analyzed languages into distinct risk categories and revealed a critical correlation between the quality of documentation and language
transmission to younger generations. Ultimately, this work delivers an actionable toolkit for policymakers, linguists, and communities to guide
preservation efforts. It demonstrates that when ethically aligned with cultural sensitivity, Al can become a powerful and indispensable ally in
reversing language extinction, ensuring that marginalized voices are preserved for the future.
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1. INTRODUCTION

Languages are not mere lexicons but living repositories of a community's collective consciousness, shaped by generations of shared
philosophies, cultural norms, and historical experiences. In ethnically diverse regions such as India, indigenous and tribal languages hold a
position of particular significance, serving as primary vessels for invaluable, generationally-transmitted knowledge encompassing traditional
ecological insights, medicinal practices, oral histories, and spiritual frameworks [16]. However, this profound repository of human heritage
faces an existential threat from the relentless pace of technological advancement. The proliferation of digital technologies has inadvertently
marginalized these languages; lacking visibility and representation, their intergenerational transmission is severely inhibited and overshadowed
by the dominance of high-resource languages. This precarity is amplified for the majority of these threatened languages, which are often
unwritten, lack formal documentation, and have a negligible digital footprint [5], rendering them acutely vulnerable in an Al-driven era.
Furthermore, significant progress in Natural Language Processing (NLP) and Machine Learning (ML) has rarely translated into tangible
benefits for these linguistically disadvantaged communities. Al models are typically trained on extensive datasets of standardized languages—
a resource that is critically scarce for these lesser-resourced tongues. This asymmetry creates a deepening chasm in both knowledge and
resources, which continues to widen over time. The present research seeks to confront this imbalance by proposing an Al-driven framework

for the preservation and revitalization of endangered languages [1]. We envision Al as a crucial ally, capable of bringing these long-silenced
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voices into the digital age. The project aims to facilitate their documentation, decipherment, and propagation through a synergistic combination

of speech recognition, optical character recognition (OCR), phoneme analysis, and multilingual translation modeling.
2. PROBLEM STATEMENT

Despite the hyper-connectivity of the modern world, the global linguistic landscape is marked by a profound imbalance. The progressive
decline of indigenous languages, particularly those of tribal communities, places them at imminent risk of extinction. This process signifies
not merely the loss of a lexicon, but the eradication of entire epistemologies, cultural traditions, and ancestral memories. A significant number
of these languages remain unrecorded, undocumented, and conspicuously absent from major linguistic preservation initiatives. This
predicament is exemplified by the Remo language of the Bonda tribe in Odisha [17]; this oral language, rich with astronomical knowledge and
environmental wisdom embedded in its ancient expressions, is now imperiled by the pressures of cultural assimilation [18, 20]. This challenge
extends to the written word as well. For instance, temple walls across southern India contain undeciphered epigraphy that remains opaque to
contemporary scholarship. These inscriptions are presumed to hold vital historical data regarding ancient rituals, sociocultural practices, and
philosophical tenets, yet their teachings remain silent and inaccessible. Similarly, within the Bhil region, palm-leaf manuscripts preserve
esoteric medicinal and ritualistic knowledge, but their unfamiliar scripts render them indecipherable to modern researchers. On a larger
historical scale, the undeciphered script of the Indus Valley Civilization exemplifies the permanent loss of knowledge that occurs when a
linguistic key is lost [19]. Consequently, while globalization and urbanization drive literacy, they concurrently create conditions where

unpreserved languages, along with their unique cultural and historical repositories, risk being permanently erased from the human record.

While artificial intelligence (Al) presents a promising frontier for the preservation of endangered languages, its current application is
profoundly biased towards the world's high-resource linguistic majority. The vast majority of Al systems are engineered for and trained on
large, structured datasets, leaving endangered and low-resource languages critically underrepresented. These languages typically lack the
digitized corpora, structured data, and compatible computational tools necessary for integration into modern Al systems. This technological
invisibility not only excludes them from digital progress but also accelerates their extinction on both linguistic and cultural fronts. The
fundamental issue, therefore, is twofold: it involves not only profound data scarcity but also the absence of inclusive Al architectures
specifically designed to recognize, process, and digitally archive these vulnerable linguistic systems before their unique contributions to the

human narrative are irrevocably lost.
3. LITERATURE REVIEW

In the current research landscape, the intersection of Artificial Intelligence (Al) and the preservation of endangered languages has become an
area of critical scholarly concern. Contemporary research is predominantly focused on high-resource languages, leveraging vast corpora to
train sophisticated machine translation and language models (Vaswani et al., 2017; Devlin et al., 2019). While these models exhibit robust
performance in multilingual applications, their efficacy diminishes drastically when applied to low-resource or endangered languages, which
characteristically lack the extensive parallel datasets and structured linguistic inputs required for conventional training [2, 10]. Recent scholarly
efforts have begun to address this disparity. For instance, Adams et al. (2021) have demonstrated the potential of transfer learning and
unsupervised modeling for data-limited languages like Quechua and Wolof. Similarly, initiatives such as the Masakhane project champion
participatory, community-centered approaches to developing Natural Language Processing (NLP) models for indigenous African languages
(Nekoto et al., 2020) [3]. However, a critical limitation of these pioneering efforts is their predominant reliance on textual data, a methodology
that largely excludes primarily oral languages and scripts with no digital representation. This limitation is particularly acute within the Indian
context, where research remains nascent. Governmental initiatives like Bhashini, while advancing linguistic inclusiveness, concentrate on
India's constitutionally recognized languages, thereby omitting the vast diversity of tribal and unwritten oral languages. This creates a
significant research gap, specifically in the areas of automated script recognition, phoneme-to-grapheme mapping, and most critically the
speech-driven documentation of endangered Indian dialects. To address this lacuna, the present study proposes a novel multimodal Al

framework that integrates speech recognition, Optical Character Recognition (OCR), and neural translation. This approach is designed
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specifically for the documentation of languages with a negligible or non-existent digital footprint, positioning our work at the nexus of
computational linguistic and cultural preservation [6, 15]. Ultimately, this research aims to expand the prevailing paradigm of Al-driven
language preservation by developing methodologies capable of engaging with structurally undocumented and orally transmitted linguistic

traditions.
4, METHODOLOGY

The preservation of endangered languages necessitates a rigorous, multidisciplinary methodology that synthesizes traditional linguistic
fieldwork with advanced computational techniques. The research presented herein is founded upon such a structured framework, specifically
designed for the systematic processing, analysis, and interpretation of linguistic data archives spanning several decades. Each phase of this
methodology, from initial data acquisition to final analysis and visualization was meticulously architected to ensure both linguistic authenticity
and analytical scalability. Accordingly, the subsequent subsections provide a comprehensive exposition of the research workflow, detailing the

specific technologies, algorithms, and statistical methods employed to achieve the study's objectives.
4.1 Flow

This study employs a systematic, mixed-methods approach to the analysis of a multi-decadal longitudinal dataset of endangered Indian
languages. The methodology commences with the curation of a comprehensive dataset, including audio recordings and written documents,
which then undergoes rigorous pre-processing involving noise reduction, format standardization, and systematic segmentation and annotation
to produce a clean, structured corpus. Once curated, this corpus is subjected to a multi-faceted analytical framework that integrates both
qualitative and quantitative techniques. To explore the structural features of each language including syntax, morphology, and phonology a
suite of statistical and computational methods is applied to identify diachronic trends. Simultaneously, the ethnolinguistic vitality is assessed
using established metrics such as speaker population and intergenerational transmission, while a comparative analysis elucidates phonological
and semantic convergences across the languages. The entire Al-powered pipeline, from data collection to reporting, is illustrated in Figure 1.
The principal objective of this comprehensive analysis is to evaluate the preservation status and discern underlying patterns within these
languages, with the focus remaining on extracting novel insights from this authentic and historically significant dataset rather than on the

development of new computational tools.

Gete Proeessimg
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Figure 1 Flowchart of the Al-powered language preservation pipeline used in the study, illustrating the steps from data collection to analysis

and reporting.
4.2 Technologies Used

This study processed multi-modal data from endangered Indian languages using a cohesive suite of computational tools tailored for both audio
and textual analysis. For audio processing, phonetic analysis and phoneme detection were performed using specialized software such as Praat,
while routine audio editing including noise reduction, normalization, and format conversion—was handled with Audacity. Time-aligned
transcription and multilingual annotation were systematically managed within the tier-based architecture of ELAN [4], augmented by custom
Python scripts leveraging libraries like librosa for acoustic feature extraction and soundfile for audio 1/O operations. For textual analysis, the
Natural Language Toolkit (NLTK) was employed for foundational linguistic tasks such as tokenization and part-of-speech tagging,
supplemented by custom-developed scripts for more specific assessments like phoneme inventories and lexical diversity. The subsequent
statistical analysis and data modeling were powered by a robust stack of Python libraries, including pandas for data manipulation, and SciPy,
StatsModels, and scikit-learn for advanced statistical computation and classification [9]. Finally, data visualization was accomplished using
Matplotlib, Seaborn, and Plotly for generating insightful graphical representations, while Dash and Folium were utilized to create interactive
dashboards and geospatial visualizations. This integrated technological framework established a comprehensive and reproducible analytical

pipeline, enabling a thorough examination of the existing linguistic data.
4.3 Modules In Use

The study employed various libraries and tools to assist in the analysis process from different perspectives. For number crunching and array
operations, NumPy provided fast manipulation of arrays and statistical calculations that were essential in managing the large language data
sets. Pandas was the primary tool for data manipulation, including organizing, viewing, and managing the flow of data. Scikit-learn played an
essential role in machine learning tasks, such as data clustering, extracting features, and evaluating models. To enable deep learning,
TensorFlow was incorporated, which was valuable in pattern recognition and complex data extraction. For audio processing, Librosa provided
an extensive signal processing and feature extraction functions as well as sound quality analysis. For managing live sound streams, playback,
and recording, PyAudio was incorporated, which was important for data exploration. For visualization of results, Matplotlib was used to create
static images and detailed statistical charts. The selection of these tools helped create a modular architecture which enabled a thorough and

adaptable analysis of existing language data without the need to develop entirely new software from the ground up.
4.4 Algorithms Used

Algorithms are systematic sets of instructions or rules, designed to solve problems or perform defined tasks in an efficient manner. Within the
domain of language documentation, algorithms are employed to process linguistic data so as to extract and interpret salient features of speech,
text, and phonetics [21]. While traditional methods of language documentation are strenuous and time-consuming, algorithms can process large
datasets and identify patterns and trends within short time periods that would otherwise be very difficult to detect. In this context, algorithms
sort phonetic variation, classify dialects, and document the status of languages over time by processing audio features. For example, speech
analysis typically involves the use of Mel-frequency cepstral coefficients (MFCCs), while Random Forest and K-means are employed as
machine-learning algorithms to classify and cluster language data [7]. In language conservation, algorithms track changes in language through
time-series analysis or preserve tonal character through pitch detection [13]. These algorithms provide useful information for directing language

conservation efforts and preserving linguistic diversity.
4.4.1 Random Forest for Language Identification

Random Forest is one of the ensembles modeled tools for classification in the machine learning toolbox. Multiple decision trees are built based
on different subsets of data, and the predictions from individual trees are averaged into the final class decision, which make it very robust and

accurate. In terms of language conservation, Random Forest can classify and detect phonetic, acoustic, or prosodic cues related to different
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languages or dialects. As a result, it can help researchers trace languages that are being spoken and identify loss or shift in language diversity,
especially in places where languages are under threat of extinction [8]. For classification tasks, Random Forest predicts the class based on the

majority vote, as shown in Equation (1), while for regression tasks, it averages the outputs of individual trees, as shown in Equation (2).

For classification

$ = mode(hy(x), hy (%), ..., hy (x)) (1)

For regression

A~ 1

§ =22 hi(x) )
4.4.2 K-means for Phonetic Pattern Grouping

K-means is a practice in data clustering, which allows the grouping of data into similar clusters. K-means finds the pattern and relationship
among the data, after the even allocation of data points to particular clusters. For language preservation, K-means is used to cluster phonetic
data in such a way that similar patterns associate in order to help comprehend dialectal variation or shared linguistic features of language
families. It plays a very crucial part in endangered languages as it helps researchers compare phonetic characteristics of different dialects or
closely related languages and helps classify and conserve them [11]. The objective function, minimized during the K-means process which
measures the within-cluster variance, is given in Equation (3).

] = Zf:l erci | x — wl? 3)
4.4.3 Time Series Analysis

Time Series Analysis functions to scrutinize data collected over time for observing trends, cycles, or patterns therein. It then, regarding language
preservation, follows the change over time in a language or dialect. For instance, certain words or phonetic elements may be recorded with
reference to their usage and frequency, often providing reliable results about changes in the language, behaviour, loss of specific elements, or
loss from traditional modes of speech. This method, therefore, would help track endangered language health and can be used for preservation
of languages by tracking regions of decline or changes in usage of the language. The autoregressive model commonly used in time series

analysis to represent such temporal dependencies is illustrated in Equation (4).
Ye=Ct+ PV T Pyep + o+ OpYip T € (4)
4.4.4 MFCC (Mel-frequency cepstral coefficients)

MFCCs are one of the most widely used techniques in feature extraction for speech processing. It mimics the representation of speech sound
as close as possible to the way humans hear it, while still retaining the salient acoustic features such as timbre, pitch, and prosody. In its
application to language conservation, MFCC evaluates phonetic speech characteristics because all these factors influence how a language is
pronounced. By looking for unique acoustic features of a language to the MFCC, the researchers are able to listen for differences, usually small
differences, in pronunciation that may indicate language change or language death. Thus, this is an instrumental approach towards endangered
language conservation through well-specified and well-quantified phonetic characterizations of such languages: in short, MFCC [7]. The

mathematical formulation of MFCCs used for such feature extraction is shown in Equation (5).

u

¢n = =1 10g(S) - cos [n (k= 5) 7] ©)

4.5 Statistical and Interpretability Analysis

This study adopted statistical methods and interpretation techniques to analyze endangered Indian languages in order to evaluate the

preservation indicators and identify easy and simplified actions to be taken relative to the present state of that language. Descriptive and
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inferential statistical analyses were used to aggregate and interpret the trends in preservation of languages over time. Basic measures of such
patterns included descriptive statistics such as the mean, median, and standard deviation. Hypothesis testing and regression analysis are
examples of inferential statistics used alongside the descriptive statistics to show the determinants of language vitality. Machine learning
techniques like clustering, classification, and dimensionality reduction were also applied to identify the latent structures as well as correlations
in the preservation of data. This technique enhanced the effectiveness to classify languages for preservation risk and identify the determinants
of preservation. SHAP values, feature importance analysis, and expert validation techniques were used to ensure interpretability in scoring
preservation mechanisms [14]. Further, community feedback, sociocultural analysis, and historical comparison incorporate cultural and
linguistic context, capturing a comprehensive view of language preservation beyond statistical measures. Therefore, strong statistical methods
combined with interpretability techniques offer a robust framework for action plans on language preservation initiatives, for example

intervention strategies can address even the most at-risk languages.
4.6 Visualization and Reporting

The findings are made available and reported to share the results of language preservation analysis. They simplify the complexities associated
with linguistic data, rendering it relevant and useful for different audiences. Thus, these methods facilitate work among data scientists and
linguists, policymakers, and communities by showing preservation metrics clearly and engagingly. Multi-dimensional data visualizations such
as parallel coordinates, plots and heatmaps allow one to see the patterns, relationships, and outliers as they relate to language preservation
across different factors. Visualizations like line and stacked area charts were used for illustrating language preservation trends and capturing
changes over time. Comparative visualizations, like box plots and radar charts, allow us to conduct parallel comparisons within languages.
Geographic representations like choropleth maps and flow maps show differences across regions and the movement of language speakers into
and out of these Georgians. Figure 2 illustrates this aspect by displaying the dataset availability of endangered Indian languages across regions.
Such interactive tools as web dashboards and phone apps allow the user to be active in exploring subject specific data in different ways. All
different report types cater to different audiences, for example the technical reports consist thorough analysis whereas community reports are
just simplified summaries. In general, these visualizations ensure sound backing for language preservation efforts from data-based insights by

having design guidelines focused on clarity, accuracy, and ease of use, leading to improved decision making and teamwork.

Dataset Availability in Endangered Indian Languages
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Figure 2 Dataset availability of endangered Indian languages across regions
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5. TECHNICAL ANALYSIS

A thorough, organized, and data driven approach is critical for understanding the health and sustainability of a language. The present study
adopts a multifactorial approach to evaluate the language preservation from both linguistic and sociological perspectives. Seven variables like
phonetic fidelity (PF), semantic accuracy (SA), cultural context integrity (CCI), intergenerational transmission (IT), technical quality (TQ),
overall preservation score (OPS) and preservation risk index (PRI) were considered for this study. All these aspects are distinct yet
interconnected to ensure the continuity of a language. Together, these variables offer a comprehensive framework for assessing the preservation

and resilience of endangered languages.
5.1 Phonetic Fidelity (PF)

Phonetic Fidelity (PF) is a quantitative metric developed to measure the preservation of a language's unique sounds (phonemes) within an
existing archival dataset. This assessment is crucial because phonetic integrity underpins a language's uniqueness, and a language's sound
system is often the first element to degrade under assimilation pressure. For this study, the PF score was calculated by applying a deep learning
model to the pre-existing audio recordings contained within the dataset. The model's output was then benchmarked against reference phoneme
inventories that were established during the dataset's original compilation. As a core indicator of phonetic health, our analysis found that
languages with a PF score below 60% were 3.5 times more likely to be at critical risk of endangerment. As visualized in Figure 3, the results
highlight varying levels of preservation; for instance, the Toda language shows moderate preservation with a PF score of 78%, but it remains

susceptible to future phonetic erosion.
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Figure 3 Visualization of Phonetic Fidelity (PF), showcasing the accuracy of phoneme preservation across endangered Indian languages.
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5.2 Semantic Accuracy (SA)

Semantic Accuracy (SA) is a metric designed to evaluate a language's lexical richness and its capacity to express complex or abstract concepts
within the existing dataset. This parameter is critical because the loss of semantic domains signifies the erosion of cultural and intellectual
knowledge, indicating a language may no longer be a vehicle for specialized thought [12]. The SA score was determined by analyzing the
archival transcribed texts within our dataset. The process involved semantic field mapping and a quantitative assessment of vocabulary richness
to gauge the breadth of concepts the language could articulate. Our analysis established SA as a strong predictor of lexical attrition, finding
that languages with an SA score below 50% were 2.8 times more likely to suffer significant vocabulary loss. As shown in Figure 4, the Birhor
language, with an SA of 65%, demonstrated richness in traditional cultural domains but revealed significant lexical gaps in modern contexts,

particularly technology. This finding suggests a challenge for the language's adaptability and continued relevance.
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Figure 4 Semantic Accuracy (SA) chart representing lexical richness and the ability of languages to express abstract concepts.
5.3 Cultural Context Integrity (CCI)

Cultural Context Integrity (CCI) is a metric that assesses how deeply a language is embedded within its community's cultural practices, such
as rituals, metaphors, and traditional narratives. This parameter is vital because the erosion of culturally specific expressions signals more than
just linguistic loss; it represents the detachment of a language from the worldview of its speakers, stripping it of its unique cultural soul. The
CCl score was derived from the analysis of archival texts, including transcribed interviews and documented rituals from the dataset, to identify
and quantify the prevalence of unique cultural markers. Our analysis revealed that a language's cultural embedding is a critical factor for its
survival; languages with a CCI score below 40% were found to be 4.2 times more susceptible to cultural disconnection. As shown in Figure 5,
the Rangkas language, with a CCI of 72%, demonstrates a strong preservation of its ritualistic and metaphorical heritage. This indicates that

the language continues to function as a primary vehicle for cultural transmission within its community.
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Figure 5 Diagram showing Cultural Context Integrity (CCl), including metaphor usage, ritual language, and cultural expressions.
5.4 Intergenerational Transmission (1T)

Intergenerational Transmission (IT) is a metric that evaluates the extent to which a language is being passed down from older to younger
generations within a community. This is arguably the most critical indicator of a language's long-term survival, as a breakdown in this
transmission process places a language at immediate risk of becoming dormant. The IT score was calculated by analyzing sociolinguistic data
within the archival dataset, specifically focusing on documented language use across different age cohorts and evidence of youth proficiency.
Our analysis confirms that IT is a powerful predictor of language shift; languages with an IT score below 30% were found to be 5.1 times more
likely to become endangered. As illustrated in Figure 6, the Saimar language, with an IT of 45%, shows a significant decline in transmission
to younger speakers. This finding highlights a critical vulnerability and underscores the urgent need for revitalization efforts focused on youth

engagement to ensure the language's survival.
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1T Score %)

Figure 6 Graphs depicting Intergenerational Transmission (IT), indicating the extent to which languages are passed on across age groups.
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5.5 Technical Quality (TQ)

Technical Quality (TQ) is a metric that evaluates the overall integrity of the linguistic data within the archival dataset, assessing audio clarity,
metadata completeness, and digitization status. This evaluation is vital because the technical quality of documentation directly impacts the
future accessibility and utility of the data for research and revitalization. Poor data quality can lead to permanent information loss, and our
analysis shows that languages with a TQ score below 50% are 2.3 times more likely to suffer from irreversible documentation decay. The
assessment involved a systematic review of the dataset's technical attributes. As shown in Figure 7, the Remo language archives earned a TQ

score of 68%. While the audio recordings are of high quality, the documentation suffers from incomplete metadata, a deficiency that

complicates future research and weakens long-term preservation efforts.
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Figure 7 Visualization of Technical Quality (TQ), reflecting audio clarity, metadata completeness, and digitization status.

5.6 Overall Preservation Score (OPS)

To provide a holistic and comparable measure of language health, this study introduces the Overall Preservation Score (OPS). This novel,
composite index synthesizes the five key metrics analyzed Phonetic Fidelity (PF), Semantic Accuracy (SA), Cultural Context Integrity (CCl),
Intergenerational Transmission (I1T), and Technical Quality (TQ) into a single, unified score. The purpose of the OPS is to offer a standardized
benchmark, enabling direct comparison of the overall vitality of different endangered languages. The score is calculated as a weighted average
of the five component metrics, with an OPS score below 40 indicating that a language is at a critical stage of endangerment. As shown in Figure
8, our analysis reveals that the Toda language, with an OPS of 72%, is in a relatively stable state of preservation. However, this score also

suggests underlying vulnerabilities that require proactive measures to prevent future decline.
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Figure 8 Overall Preservation Score (OPS) chart combining phonetic, semantic, cultural, and transmission metrics into a unified score.

5.7 Preservation Risk Index (PRI)

Complementing the static OPS, our second key contribution is the Preservation Risk Index (PRI), a predictive forecasting model. The PRI is

designed to calculate the probability of a language facing a rapid decline and becoming critically endangered within the next two decades. Its

primary purpose is to act as an early warning system, enabling policymakers and communities to shift from reactive to proactive preservation

strategies. The index is generated using a logistic regression model that integrates our core parameter scores (PF, SA, etc.) with demographic

data and external sociolinguistic factors like urbanization and educational policies. The resulting score ranges from 0 to 1, where a PRI greater

than 0.7 indicates a high probability of imminent endangerment. As shown in Figure 9, the model identified the Birhor language as being at

extreme risk, with a PRI of 0.82. This high score signals an urgent need for immediate and targeted intervention to prevent its potential

extinction.
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Figure 9 Preservation Risk Index (PRI) model output indicating the probability of language endangerment over the next two decades.
6. DISCUSSION

This study's findings demonstrate the significant potential of applying a multimodal Al framework to the documentation and preservation of
endangered Indian languages, particularly those with a limited digital footprint. The research establishes a scalable, data-driven pipeline for
linguistic conservation, with a key contribution being the introduction of two novel metrics: the Overall Preservation Score (OPS) and the
Preservation Risk Index (PRI). These indices provide a nuanced assessment of language vitality by synthesizing phonetic, semantic, cultural,
and generational data. Our analysis reveals a strong correlation between documentation quality and intergenerational transmission, suggesting
that poor data can accelerate a language's decline. Unlike governmental initiatives focused on high-resource languages, our approach addresses
a critical gap by targeting script-less and orally transmitted dialects. However, the study is limited by its reliance on pre-existing archival
datasets, which restricts real-time analysis. Despite this, the framework serves as a valuable analytical tool. Future research should focus on
real-time language monitoring, participatory data collection, and extending the OPS/PRI models into a global framework. By integrating Al
with cultural and ethical sensitivity, this work provides a robust methodology for safeguarding linguistic heritage, transforming computational

tools into valuable allies for preserving the voices of marginalized communities for generations to come.
7. CONCLUSION AND FUTURE SCOPE

This research highlights the potential of Artificial Intelligence (Al) as an enabling technology for sustaining the endangered languages. The
study achieves its focal aim of documenting and reviving endangered Indian languages by constructing a multi-layered architecture integrating
speech recognition, phoneme mapping, optical character recognition, and multilingual translation. The innovative application of statistical,
sociocultural, and phonetic evaluation techniques, resulting in the Overall Preservation Score (OPS) and Preservation Risk Index (PRI), help

in providing a unique, data-rich lens into the field of digital linguistics. The results derived clearly demonstrate the strong correlations among
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technical quality, intergenerational transmission, and long-term language sustainability. Tools such as Mel-frequency cepstral coefficients
(MFCCs) for phonetic analysis and time-series modeling for monitoring linguistic trends strengthen the framework for the evaluation of
language health. The system does not seek to replace the existing traditional linguistic methods, rather aims to complement them by offering
various scalable, data-driven approaches for cultural preservation. However, there are some limitations - the reliance on pre-existing data limits
real-time responsiveness, and the lack of digitized content for many dialects pose challenges in model training and evaluation. Additionally,
as the study is centered on Indian languages, its generalizability to global endangered languages may be limited. The value of this work lies in
its action-oriented outcomes, equipping policymakers, researchers, and communities with tools for assessment, prioritization, and intervention.
The fusion of Al and cultural empathy in this research opens new possibilities for inclusive and accessible technology design. Looking ahead,
future research can expand by developing real-time language monitoring systems, promoting participatory dataset creation, and extending the
framework to cross-linguistic and multilingual contexts globally. As technology evolves, so must our commitment to a world where no voice

is muted by silence or neglect and where every language continues to echo through generations.
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