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Abstract

Applications that make use of Automatic Speech Recognition (ASR) technology are

now widely used within the health care and nutrition sectors; however, existing ASR

models have been known to frequently make mistakes when recognizing specialized ter-

minology and phrases related to health and nutrition. Such problems may pose issues

for health care applications such as dietary analysis, telemedicine services, and nutri-

tion intelligence assistants. Therefore, this thesis will explore ”Nutri-Correct: Knowledge

Graph-Aided Generative Error Correction for Precision Nutrition Speech Recognition.”

The proposed approach combines a pre-trained ASR model with a nutrition-specific

knowledge graph and a generative correction module based on transformers. First, speech

is transcribed with the help of an ASR baseline engine, followed by post-processing with

contextual information about nutrition and generative language models to fix errors re-

lated to semantics or phonetic similarity in the context.

This architecture is aimed at overcoming the challenges related to pronunciation dif-

ferences, ambient noise, and ambiguity inherent to the medical domain. The experiments

showed that the framework provides significantly better transcription quality than tra-

ditional ASR models in terms of the WER, Precision, Recall, F1-score, and Semantic

Accuracy metrics.

The Nutri-Correct system can be used to develop applications like virtual nutritionists,

nutritional monitoring, telemedicine services, and AI-supported clinical decision-making

systems. This paper showed how hybrid neuro-symbolic approaches could improve spe-

cialized speech transcription tasks in the precision nutrition domain.
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Chapter 1

INTRODUCTION

1.1 Background

Automated Speech Recognition (ASR) has now become a significant aspect of modern-
day health care, telemedicine, and even virtual assistants. ASR models like Whisper and
DeepSpeech have gained success in general speech recognition. Nevertheless, ASR models
have often been faced with difficulties when processing specific terminologies employed in
the context of health care and nutritional discussions. The nutrition language contains
intricate nomenclatures of foods, nutrients, dieting instructions, and health care terms,
which are not easily recognizable by ASR models.

Transcription errors in precision nutrition systems might cause incorrect dietary in-
structions, misinterpretation of the patient’s data, and incorrect documentation. It is
because most ASR models are trained on general databases that fail to understand the
specific semantics of nutritional language.

1.2 Motivation

The rising trend of using Artificial Intelligence enabled healthcare solutions, diet tracking
apps, and nutritional assistance services has created demand for robust speech recognition
tools. Traditional ASR tools are prone to making transcription mistakes due to variations
in pronunciation, regional accents, and acoustic interferences.

Knowledge Graphs and Generative AI have shown promising results when used for
better context-awareness in language processing algorithms. A knowledge graph would
be able to represent connections between foods, nutrients, diseases, and diet-related en-
tities. The generative models would enable transcription correction through contextual
intelligence. The motivation behind conducting such research is the potential to merge
knowledge graphs and language models for better speech recognition for nutrition pur-
poses.

1.3 Problem Statement

While the performance of current ASR systems is quite good in most scenarios, they do
not correctly interpret specialized terms pertaining to nutrition and health sciences. This
is because the existing ASR models are devoid of any process of semantic correction and
context-based inference, resulting in high rates of Word Errors Rate (WER).

xi



The key issue that is tackled in this research study is the creation of a model that will
be able to use the semantics behind nutrition-related terms to correct errors made during
transcriptions.

1.4 Proposed Solution

The current thesis will develop ”Nutri-Correct: Knowledge Graph Aided Generative Error
Correction for Precision Nutrition Speech Recognition.” The current model will incorpo-
rate an ASR engine baseline, a knowledge graph of the nutrition domain, and a generative
correction model that utilizes transformers.

Speech data is transcribed to text via a pre-existing ASR engine. The resulting text is
subsequently improved through the use of knowledge graphs for nutrition-related domains
and generative correction to detect inconsistencies or homophones semantically.

A novel hybrid neuro-symbolic approach is intended to address challenges in transcrip-
tion accuracy and contextually sound semantics.

1.5 Objectives of the Research

Key objectives of this research study include the following:
1. Study the limitations of current ASR systems when applied to nutrition-related

health care tasks. 2. Construct a knowledge graph in the domain of nutrition for semantic
contextual analysis. 3. Propose a framework for generative error correction that can
enhance transcriptions. 4. Minimize WER and increase semantic precision for speech
recognition in the field of nutrition. 5. Assess the proposed framework’s efficiency through
common performance evaluation metrics like Precision, Recall, F1-Score, and Semantic
Accuracy.

1.6 Scope of the thesis

The aforementioned architecture will aid in building applications like virtual nutrition-
ists, telehealth systems, diet analysis tools, and intelligent health care apps. While the
present research addresses precision nutrition, this architecture can be generalized to other
applications in speech recognition that rely on context and semantics.
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Chapter 2

LITERATURE REVIEW

The advancement of Automatic Speech Recognition (ASR) during the last decade has been
largely attributed to improvements in AI, deep learning, and natural language process-
ing techniques. The earlier implementations of ASR technology involved Hidden Markov
Models (HMMs) and Gaussian Mixture Models (GMMs). Such technologies proved suc-
cessful in controlled settings but exhibited poor performance in noisy environments and
domain-specific cases involving context-sensitive speech.

Incorporating Deep Neural Networks (DNNs), Recurrent Neural Networks (RNNs),
and transformer models increased the precision rate of automated speech transcription
systems. Current models possess the capability to acquire intricate information patterns
from massive data samples. The most promising improvement to the field of automatic
speech recognition is the development of the Whisper model, a powerful multilingual
speech recognition framework built upon weakly-supervised learning on big internet-scale
corpora of speech data. Whisper showed high efficiency in multilingual speech recognition
tasks, noisy environment recognition, and low-resource environments. Despite this, it
struggles to provide accurate results in identifying domain-specific speech terminology
related to nutrition or health care.

A new implementation that contributed to improving automated speech recognition
systems is DeepSpeech, an end-to-end ASR model built upon deep recurrent neural net-
works. This approach simplifies the pipeline of ASR tasks by reducing complexity and
enhancing the accuracy rate of conversational speech recognition. DeepSpeech allows
for avoiding complex speech representation through effective learning of speech patterns.
Nonetheless, research shows that this system is unable to recognize specialized speech
terms.

Recent works have paid much attention to the application of context and semantic
correction methods in the post-processing phase of the ASR. The performance of neural
network-based language models (BERT, GPT, T5, etc.) is outstanding in the fields
of text generation and contextual language understanding. Scientists used generative
neural models to edit ASR transcriptions in order to fix grammar mistakes, inconsistent
contexts, and semantically ambiguous words. This method helped improve the semantics
of generated text; nevertheless, lack of domain-specific structural information made these
systems not very effective for healthcare or nutrition applications.

Knowledge Graphs became quite popular in recent years as a type of semantic rep-
resentation that allows storing structured information about connections among entities.
Knowledge graphs are broadly used in health systems to represent relations between dif-
ferent medical concepts, namely diseases, their symptoms, medication, nutrients, and
food-related issues. This semantic representation makes it possible to perform contextual
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reasoning and to use this graph in decision-making processes. Various studies have proved
that knowledge graphs help to enhance contextual understanding, semantic consistency,
and decision-making abilities. However, there is not much research done concerning the
implementation of nutrition domain knowledge graphs in speech correction systems.

Precision nutrition has recently attracted much attention because of the growing need
in personalized medicine and diet monitoring. Nutrition assistants based on AI algo-
rithms should provide accurate understanding of information related to food items, nu-
trient contents, dietary limitations, allergies, and disease-specific recommendations. As
conventional ASR systems are likely to make transcription mistakes due to pronunciation
differences and acoustically similar words, these inaccuracies may lead to the decline in
the efficiency of healthcare communication system.

There were several studies conducted recently that aimed at improving speech recogni-
tion in healthcare through domain adaptation, contextual biasing, and language modeling.
Although they have managed to reduce some transcription mistakes, they failed to develop
efficient semantic reasoning algorithms. All current techniques concentrated their efforts
on either enhancing acoustics or text-level corrections separately, without incorporating
symbolic information from a domain as well as generative intelligence of context.

According to the literature review, there is still a significant lack in the ability of
currently available systems to recognize special terms related to nutrition and keep the
context and semantics of healthcare conversations consistent. Therefore, the problem
remains relevant since there is a need to merge semantic reasoning algorithms based on
Knowledge Graphs with transformer-based approaches to error correction in ASR systems.

Hence, the current thesis aims at developing a novel approach called ”Nutri-Correct:
Knowledge Graph-Aided Generative Error Correction for Precision Nutrition
Speech Recognition.” It utilizes ASR models, nutrition domain knowledge graphs,
and transformers-based algorithms to correct errors made during transcribing healthcare
conversations related to nutrition.

3



Chapter 3

Requirements Analysis And Design Goals

3.1 Functional Requirements

The designed Nutri-Correct system aims to enhance the accuracy of the transcription
of nutrition-related speech through the integration of Automatic Speech Recognition,
nutrition knowledge representation, and error correction generation. The system receives
spoken nutrition-related input and returns the resulting output as a correctly transcribed
document preserving both language accuracy and nutritional significance.

The first feature required from the system is speech-to-text conversion. To function
effectively, the system has to receive spoken nutrition-related input coming from sources
like diet consultations, telemedicine interactions, interactions between patients and dieti-
tians, as well as virtual nutrition assistants. Inputted speech can include names of food
products, nutrients, dietary instructions, recommendations specific to certain diseases,
and other health-related vocabulary.

Secondly, the system requires preprocessing of the received speech signal. Considering
that real-life situations in which the system may be used might imply some amount of
noise in audio recording, pauses, imperfect pronunciations, or varying sound volumes, this
measure will help improve the quality of the output transcription process.

Thirdly, the system requires generating a baseline transcription of speech using ASR
models. The use of transformer-based models of Whisper or wav2vec 2.0 for speech
transcription will produce an intermediate transcription of the input.

Fourth, there needs to be a process of nutrition-specific entity recognition. This is
where the system will detect essential entities for nutrition including foods, nutrients,
vitamins, minerals, medical conditions, diets, allergies, and quantities. This is to en-
sure that only those portions of the audio file containing domain-specific information are
extracted.

Fifth, the system should have knowledge graph-based semantic reasoning. The enti-
ties extracted will be compared with the knowledge graph, which contains relationships
between foods, nutrients, medical conditions, dietary restrictions, and their health impli-
cations. This helps the system to identify transcripts or outputs from the ASR as having
semantics issues.

Sixth, there needs to be a generative correction process. After detecting any errors,
the ASR transcript together with the knowledge graph context will be processed by the
correction system, which makes use of the transformer model to generate a well-formatted
output.

Finally, transcript validation is another process involved. The validated output is
supposed to have proper formatting, punctuation marks, terms, and semantics.

4



3.2 Non-Functional Requirements

Aside from functional requirements, there are some non-functional requirements that the
proposed system must meet to make it applicable to practical situations in health care
and precision nutrition.

The most crucial non-functional requirement is accuracy. The ASR system should have
improved word accuracy and increased recognition of domain-related terms than a typical
ASR model. This is because errors in transcriptions in health communication, especially
involving nutrition, can alter the intended recommendation by a lot. Thus, aside from
improving accuracy at the word level, the system should also consider semantic accuracy.

Another non-functional requirement is reliability. The system should produce consis-
tent results despite differences in speech accents, speed, or noise. This is because discus-
sions involving nutrition can happen in different places like clinics, hospitals, homes, or
virtual settings where background sounds affect audio quality.

Lastly, interpretability of the results is critical. With a knowledge graph, one can
explain the reasons behind term corrections. For instance, if there is an error correction
“glass emic to glycemic,” the reason can be the association between the glycemic index
of carbohydrates, diabetes, and nutritional plans.

Scalability is needed due to the fact that the system has to be expandable. The
system should have the ability to incorporate new concepts related to nutrition, regional
food items, diseases, and diets into its knowledge base without having to change the whole
system design.

Security and privacy are also important considerations because the data collected using
spoken language in a healthcare environment could be sensitive in nature. The design of
the system would need to address this issue.

3.3 Representative Use Cases

The Nutri-Correct framework can be used for a number of practical applications.
A dietitian may capture the dialogue with the patient when the patient narrates her

food consumption habits, symptoms, etc. The system transcribes the dialogue and then
corrects nutrition-specific terms, saving the processed transcription.

A telemedicine application may benefit from using the system in order to increase the
reliability of nutrition consultations online. As remote consultations are prone to audio
issues and distortions, the knowledge-guided correction module becomes especially helpful
in identifying and correcting correct nutrition-related meanings.

A virtual nutrition assistant may take speech input from a user who records their
food intake. For instance, the user might say something like, ”I ate oats, almonds, and
low-fat milk for breakfast.” Thus, the correct identification of these food entities becomes
important in transcribing the utterance.

The clinical documentation system can use the framework to transcribe dietary in-
structions given by healthcare specialists. Such terms as ”low sodium diet,” ”high fiber
diet,” ”iron deficiency,” ”glycemic control” should be correctly recognized by the system.

5



3.4 Assumptions and Constraints

Assumption 3: The speech will contain nutrition or healthcare topics in the input. Even
though the system works with general speech, its unique capability is evident only if the
transcript is from a nutrition conversation.

Assumption 4: There will be access to a nutrition-domain knowledge graph, which
can either be created or acquired from various sources of nutrition knowledge such as
nutritional databases, guidelines, and nutrition information.

Assumption 5: The output transcript generated by the ASR system is readable and
comprehensible despite containing mistakes. The correction module needs an error-filled
transcript to detect potential mistakes and correct them accordingly.

Computational costs present one of the main limitations of this framework since both
ASR and correction models are transformer-based, meaning that processing large amounts
of speech entails heavy computations. In order to deploy the solution in real time, it will
be necessary to optimize the models in terms of size and computational requirements.

Language coverage limitation stems from the fact that the current framework was
mainly developed for English. In case of other languages or multilingual settings, it will
need further adjustments.

6



Chapter 4

Overall System Architecture

4.1 Layered design

The architecture of the proposed Nutri-Correct framework is hierarchical in nature. There
are different layers that perform certain tasks and send the results of those tasks to the
subsequent layer. In doing so, it makes the process easier and more understandable.

The first layer is the input speech layer, in which raw sound input is taken by the user,
patients, dietitians, or healthcare professionals. The second layer is the audio processing
layer, in which noise reduction, deletion of silences, normalization, and segmentation take
place. The third layer is the baseline ASR layer, where the audio content is converted
into text form.

The fourth layer is the semantic analysis layer, in which the transcript will be pro-
cessed, and the terms related to nutrition will be recognized. The fifth layer is the reason-
ing layer, where extracted terms will be used to identify relationships between nutritional
concepts. The sixth layer is the generative correction layer, where the content is rewritten
using transformer models and context information.

Figure 4.1: Overall System Architecture of Nutri-Correct

7



Such a modular architecture makes it possible to upgrade different modules indepen-
dently. It is possible to replace, for instance, the ASR model with a more efficient one for
speech recognition or add new nutrition-related notions to the knowledge graph.

4.2 Speech-to-Correction Data Flow

The main data flow in the proposed approach includes several steps. First, there is
preprocessing, segmentation, and cleaning of the audio signal. Next, the transcription of
the audio is produced by using the ASR model. This transcript is given to the entity
recognition step to find nutrition-related items.

Next, entities are matched against the knowledge graph on nutrition. In case the
transcript has erroneous or ambiguous words, related concepts from the graph will be
obtained by the semantic reasoning algorithm. The next step will generate a new corrected
transcript based on both the initial one and the information extracted from the graph.

Figure 4.2: Speech-to-Correction Data Flow

In this data flow process, the final transcript cannot be produced based on only the
acoustic cues. Rather, it relies on some domain semantics.

4.3 Design Principles

The above system is based on the following design concepts.
Modularity: The individual elements have been isolated into their respective mod-

ules. Preprocessing of audio data, ASR transcribing, entity recognition, graph reasoning,
correction, and validation are performed independently.
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Semantic grounding: Corrections are not performed purely on grounds of grammatical
correctness or probability. Rather, they are semantically grounded in knowledge regarding
nutrition.

Preservation of context: The objective of correcting errors is without altering the
semantic content of the input speech.

Extensibility: The system can be easily expanded to accommodate other foods, re-
gional diets, nutrition requirements for diseases, and multiple languages.

Evaluation of semantics: Transcription-based metrics alone cannot evaluate the system
since semantics need to be preserved in healthcare speech.
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Chapter 5

Dataset Preparation and Technology Stack

5.1 Dataset Description

Dataset for proposed architecture includes speech data related to nutrition topics and
references. The speech data is developed to represent nutrition topics such as consultation
with the patients, nutritional counseling by dietitians, intake of food, diets recommended
depending on certain diseases, and overall health guidance.

This dataset will contain specific terminology relevant to food science, nutrition, and
health care. Some of the examples include glycemic index, omega-3 fatty acids, probiotic
supplements, low sodium diets, calorie reduction, Vitamin D deficiencies, iron rich foods,
and ketogenic diets.

Such terminology needs to be included in the datasets because general-purpose ASR
tools have problems with such specialized vocabularies. Hence, this is done to study the
impact of improvement achieved through the proposed system.

5.2 Dataset Categories

The data has been segmented into various semantic categories.

Table 5.1: Dataset Categories
Category Description
Food Items Fruits, vegetables, grains, dairy products,

beverages, and common meals
Nutrients Proteins, carbohydrates, fats, vitamins, minerals,

and dietary fiber
Diet Plans Low sodium diet, ketogenic diet, diabetic diet,

and weight management plans
Health Conditions Diabetes, obesity, hypertension, anemia, and

vitamin deficiencies
Measurements Calories, grams, servings, portions, and nutrient

quantities

These segmentation techniques enable recognition and formation of knowledge graphs
based on entities.
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5.3 Dataset Partitioning

The dataset is divided into training, validation, and testing subsets.

Table 5.2: Dataset Partitioning
Subset Percentage Purpose

Training Dataset 70% Used to train the ASR and generative
correction models

Validation Dataset 15% Used to tune model parameters and
monitor performance

Testing Dataset 15% Used to evaluate final system
performance

The training set assists the correction system in learning about the common errors
made by ASR systems. The validation set allows for avoidance of overfitting by the
correction model.

5.4 Technology Stack

Nutri-Correct’s deployment relies on technologies from speech recognition, deep learning,
natural language processing, and graph representation.

Table 5.3: Technology Stack Used in Nutri-Correct
Component Technology / Tool

Programming Language Python
ASR Models Whisper, wav2vec 2.0, DeepSpeech

Deep Learning Framework PyTorch
NLP Models T5, BERT, GPT-based transformer models

Knowledge Graph Tools RDF, NetworkX, Neo4j-style graph
representation

Evaluation Metrics WER, Precision, Recall, F1-score, Semantic
Accuracy

These technologies form the core of the chosen technology stack and enable modularity
in development. There is a corresponding technology for each architectural level.
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Chapter 6

ASR and Speech Processing Module

6.1 Speech Capture and Audio Input

Speech input for this system comes in the form of recorded audio data or actual speech
data. Within the context of healthcare applications, this speech may be provided by a
microphone, a mobile app, telemedicine services, or through consultations.

Input audio data may include natural pauses, environmental sounds, overlapped
speech, and variations in pronunciations. Hence, the input audio does not have to be in
studio quality. Rather, the system should be able to handle relatively noisy speech input
environments.

6.2 Audio Preprocessing

Preprocessing in audio enhances the quality of the speech signal before it reaches the
ASR model. The preprocessing phase involves noise filtering, voice activity detection,
normalization, and segmentation.

In noise filtering, any background noises are removed from the audio input. In voice
activity detection, speech segments are extracted while discarding silences. In normaliza-
tion, the amplitude level of the signal is adjusted so that all audio signals become equally
loud. In segmentation, long speeches are split up for easy processing.
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Figure 6.1: Speech Preprocessing Pipeline

This process helps minimize acoustic interferences during ASR.

6.3 Baseline ASR Transcription

This audio is then fed into the baseline Automatic Speech Recognition model. This step’s
objective is to obtain the first transcription of the audio file. The output transcription
might not be accurate, but it forms the foundation of the transcription on which semantic
corrections are to be done.

Example:

Table 6.1: Baseline ASR Transcription Examples
Speech Input Baseline ASR Output
Patient should follow a low
glycemic diet

Patient should follow a low glass
emic diet

Include omega-3 fatty acids in
the meal plan

Include omega three fatty acids
in the meal plan

Avoid high sodium packaged
foods

Avoid high sodium package foods

Here are some examples where one can notice that although the output of the baseline
ASR is phonetically similar, there are flaws in its semantics.
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6.4 ASR Error Characteristics

These errors can be classified into various classes depending on the nature of ASR error.

Table 6.2: ASR Error Characteristics in Nutrition Speech
Error Type Example Description
Phonetic Error glycemic → glass emic Similar-sounding words are

incorrectly transcribed
Domain Term
Error

omega-3 → omega three Specialized nutritional
terms are not preserved
accurately

Word Form Error packaged foods →
package foods

Incorrect word form alters
intended meaning

Contextual Error low sodium diet → low
medium diet

The transcript becomes
semantically inconsistent

The existence of such errors makes a case for domain-specific correction in addition to
grammar correction.
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Chapter 7

Nutrition Knowledge Graph and Semantic Reasoning

7.1 Knowledge Graph Schema

The nutrition knowledge graph consists of various nutritional concepts and their interre-
lations. The graph will serve as the semantics reasoning module for the designed system.

The graph consists of nodes and edges. Nodes consist of entities like food products,
nutrients, vitamins, diseases, diets, and health results.Edges represent the relationship
between the nodes.

Figure 7.1: Nutrition Knowledge Graph

This architecture ensures that the system can reason about nutritional concepts.
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7.2 Entity Types and Relationships

The knowledge graph consists of various entities and relationships.

Table 7.1: Nutrition Knowledge Graph Entity Types
Entity Type Example Entities
Food Item Salmon
Nutrient Omega-3
Disease Diabetes
Vitamine Vitamin D
Diet Plan Low Glycemic Index
Health Goal Bone Health

Table 7.2: Nutrition Knowledge Graph Relationship Examples
Source Entity Relationship Target Entity
Salmon contains nutrient Omega-3
Diabetes managed by Low Glycemic Diet
Vitamin D supports Bone Health
Processed Sugar restricted for Diabetes
Fiber improves Digestion

The knowledge graph provides semantic context for the system to be able to differen-
tiate correct from wrong ASR outputs.

7.3 Nutritional Entity Recognition

Following the baseline transcribing process, the system extracts nutrients from the tran-
scribed text. This stage is important since the system needs to know what words carry
weight regarding nutrition.

Example:
Transcription: Diabetic patients need to stay away from high glycemic foods.
The system extracts:

Table 7.3: Nutritional Entity Recognition Example
Extracted Term Entity Type
Diabetes Diseases
high glycemic foods dietary concept
Foods Food category

The extracted words are then submitted for semantic matching by the knowledge
graph
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7.4 Semantic Error Detection

In this step, we detect any semantic errors, i.e., words which do not make sense seman-
tically in the nutritional context. In other words, the system determines if the extracted
words occur in the knowledge graph or they have some semantic relationship with the
words of nutrition.

For instance:
ASR Output: Patient should avoid high glass emic foods.
The word “glass emic” is not found in the nutrition knowledge graph. But considering

the context words such as “avoid,” “high,” and “foods,” we can determine that the term
“glycemic” is most likely the one we need, since it is linked to diabetes, carbohydrates,
etc.

7.5 Graph-Based Candidate Retrieval0

The proposed method detects an erroneous element and fetches potential corrections
from the knowledge graph. The fetched correction suggestions are scored depending on
semantic relevance and relationship strength.

Figure 7.2: Knowledge-Augmented Generative Correction Pipeline

The above process guarantees domain-relevant and context-sensitive corrections.
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Chapter 8

Generative Error Correction Pipeline

8.1 Motivation for Generative Correction

While a knowledge graph can provide the right candidate for corrections, it does not
guarantee that it will be able to create a complete and coherent transcript on its own.
A transformer-based generative correction model is therefore used to generate a new
transcript from the ASR-generated transcript.

The generative correction model enhances the grammatical structure, format, termi-
nologies, and semantics of the transcript generated by ASR.

8.2 Correction Model Input Design

Structured Input for Correction Model:

1. Baseline ASR transcript

2. Extracted nutritional entities

3. Knowledge graph context

Example input:

ASR Transcript:

The patient should avoid high glass emic foods.

Detected Entities:

patient, foods

Knowledge Graph Context:

glycemic index, low glycemic diet, diabetes, carbohydrates

Correction Instruction:

Edit the audio transcript to retain nutritional meaning.

Expected output:

The patient should avoid high glycemic foods.
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8.3 Knowledge-Augmented Correction Flow

Figure 8.1: Knowledge-Augmented Generative Correction Pipeline

Through the process, the model can now leverage the structured information related to
nutrition rather than depending only on language probabilities.

8.4 Final Transcript Generation

The transformed output is produced using the transformer model. The model rectifies
the nutrition-related terms, fixes phonetic ambiguities, ensures sentence smoothness, and
retains the context of the original sentence.

Examples:

Table 8.1: Examples of Generative Transcript Corrections
Baseline ASR Output Nutri-Correct Output
low glass emic diet low glycemic diet
omega three fatty acids omega-3 fatty acids
pro biotic supplements probiotic supplements
vitamin the deficiency Vitamin D deficiency

The system is designed to ensure that there is no unnecessary rewriting of the input.
The purpose of the system is to perform corrections and not paraphrasing. This is im-
portant since medical and nutrition transcripts need to retain the exact intention of the
speaker.
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8.5 Post-processing and Validation

Post-correction processing involves punctuation adjustment, duplication elimination, and
capitalization.

For example:

Generated Output:

patient should take vitamin d and omega three supplements

Final Output:

Patient should take Vitamin D and omega-3 supplements.

Finally, the output transcript is crosschecked for consistency with the vocabulary and
knowledge graph of nutrition.
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Chapter 9

Testing Strategy and Evaluation

9.1 Testing Philosophy

Testing methodology has been devised to test the system on various levels since Nutri-
Correct has several interlinked modules, and merely testing the final output would not
suffice. Testing should be done separately at each level as well as testing the entire
pipeline.

We evaluate the system at four levels:

1. Unit-level validation

2. Module-level validation

3. Integration-level validation

4. End-to-end evaluation

9.2 Unit-Level Validation

The unit validation level tests individual modules like audio pre-processing, entity extrac-
tion, graph look-up, and correction generation modules.

Table 9.1: Unit-Level Validation Plan
Test Component Purpose
Audio preprocessing Check whether noise and silence

are reduced
Entity recognition Verify correct extraction of food

and nutrient terms
Graph lookup Confirm correct retrieval of

related nutrition concepts
Correction model Test whether ASR errors are

corrected properly

This level helps to ensure that individual modules are working independently before
integration.
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9.3 Integration-Level Validation

Module-to-module communication is tested in the integration validation level. For exam-
ple, the ASR transcript must be passed correctly to the entity recognition module. The
extracted entities must be matched with the knowledge graph. The graph context must
be formatted correctly for the generative correction model.

This level is important because the system may fail even if individual modules work
correctly. A weak interface between modules can reduce final performance.

9.4 End-to-End Evaluation

End-to-end evaluation tests the complete Nutri-Correct pipeline using unseen nutrition
speech samples. The system receives raw audio input and produces a final corrected
transcript.

Figure 9.1: End-to-End Evaluation Workflow

The final transcript is compared against the reference transcript using standard eval-
uation metrics.

9.5 Evaluation Metrics

The proposed framework is evaluated using both transcription-level and semantic-level
metrics.
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Table 9.2: Evaluation Metrics Used for Nutri-Correct
Metric Purpose
Word Error Rate Measures word-level

transcription errors
Precision Measures correctness of

recognized nutrition entities
Recall Measures coverage of actual

nutrition entities
F1-score Balances Precision and Recall
Semantic Accuracy Measures preservation of

nutritional meaning

Word Error Rate is calculated as:

WER =
S +D + I

N

where S is substitutions, D is deletions, I is insertions, and N is the total number of
words in the reference transcript.

Precision is calculated as:

Precision =
TP

TP + FP

where TP is true positives and FP is false positives.
Recall is calculated as:

Recall =
TP

TP + FN

where TP is true positives and FN is false negatives.
F1-score is calculated as:

F1-score =
2× Precision×Recall

Precision+Recall

where Precision and Recall are the values calculated from the entity recognition
results.

This is applied when judging the accuracy of the correction in terms of the retention of
the intended nutritional meaning. It is particularly relevant since the transcription could
be accurate but yet semantically incorrect in a medical context.

9.6 Comparative Evaluation Design

The proposed system is evaluated against two baseline methods.

Table 9.3: Comparative Evaluation Systems
System Description
Baseline ASR Direct output from ASR model
ASR + Generative Correction ASR output corrected without

knowledge graph
Proposed Nutri-Correct ASR output corrected using

KG-aided generative correction
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Figure 9.2: Comparative Evaluation Design

This will give insight on whether the knowledge graph offers any significant advantage
over the normal generative correction technique.
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Chapter 10

Operational Considerations and Limitations

10.1 Dataset Limitations

The efficacy of this system depends largely on the quality of the data set. In case there
are not enough samples for nutrition-related speech in the data set, then the generative
model might fail to generalize over some rare or region-specific food terms.

One more drawback is that of accent variations. In case there are insufficient accent
variations in the data set, then the efficacy of the system would be compromised for other
speakers as well.

10.2 Knowledge Graph Limitations

Graph should have enough information in it and also be frequently updated. There might
be new terms for nutrition, different foods, medicines, or diet requirements which emerge
in time. In case there are not enough pieces of information included in the graph, the
system might not find proper candidates.

It may also include some generalized information. Actual nutrition facts can often
become complicated and require further analysis. An item of food can be good for one
patient while bad for another patient based on their medical history.

10.3 Model Limitations

ASR models based on transformers, as well as models of automatic speech correction,
need computing power. For real-time usage on mobile or other low-computational devices,
further improvements may be needed.

The correction model based on the generation technique can sometimes overcorrect
the transcription. Thus, such models should be designed in a way that will ensure that
the speech sense is preserved.

10.4 Privacy and Deployment Considerations

Due to the fact that the health care context may include personal sensitive data, secu-
rity measures are required. Audio files and transcriptions must be handled securely and
confidentially.
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In the context of the application in a medical environment, additional human checks
are necessary.
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Chapter 11

Summary of Methodology

The suggested Nutri-Correct approach utilizes a modular and hierarchical architecture.
First of all, it takes the audio inputs from nutrition-related speeches and preprocesses them
to improve sound quality. It then leverages an ASR algorithm for producing an initial
transcript that can contain nutrition-related errors. Therefore, the system conducts entity
recognition and leverages knowledge graph-based semantic reasoning.

In particular, the knowledge graph defines relations between various kinds of food,
their nutritional values, diseases that can be caused by certain food intake, diet plans and
other nutritional advice, and health outcomes. In this way, the system can recognize se-
mantically incorrect ASR transcripts and produce contextually relevant corrections based
on a knowledge graph. Finally, it utilizes a transformer-based generative correction model
for obtaining a final correction of the ASR transcript taking into account both ASR and
graph data.

The methodology is assessed via transcription metrics, such as Word Error Rate, and
entity-level metrics, namely Precision, Recall, and F1-Score. Besides, Semantic Accuracy
is applied for determining whether the final transcript preserves the correct nutritional
meaning.

As a result, the methodology suggests a novel way of improving ASR systems through
combining knowledge graphs and correction models. It makes Nutri-Correct applicable to
precision nutrition solutions, telemedicine, virtual diet assistants, and other healthcare-
related domains.
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Chapter 12

Results and Discussion

12.1 Introduction

Current Chapter will contain the results and discussions of the proposed Nutri-Correct:
Knowledge Graph-Aided Generative Error Correction for Precision Nutrition Speech
Recognition approach. The primary objective of this chapter is to examine the extent
to which the proposed approach enhances transcription performance of speech related
to nutrition relative to traditional automatic speech recognition approaches and those
without domain knowledge.

There are two key aspects evaluated in this study. First, there is transcription accu-
racy at the word level, as determined by Word Error Rate. The second aspect concerns
semantic correctness. It is particularly crucial when dealing with information in the field
of healthcare and nutrition. When transcribing general speech, a minor word error may
not always be detrimental. However, in nutrition and healthcare, an incorrect term can
change the meaning of a dietary recommendation. For example, the phrase “low glycemic
diet” has a clear nutritional meaning, whereas “low glass emic diet” is meaningless and
unsuitable for clinical documentation.

The proposed framework was compared with three configurations: a baseline ASR sys-
tem, an ASR system with generative correction, and the proposed Nutri-Correct frame-
work. The comparison helps identify the specific contribution of knowledge graph-based
semantic reasoning in improving nutrition-related speech recognition.

12.2 Experimental Setup

The experimental evaluation was performed using a nutrition-focused speech dataset con-
taining dietary consultation sentences, food intake descriptions, disease-specific diet rec-
ommendations, and clinical nutrition expressions. The dataset included speech samples
containing food names, nutrient terms, vitamins, diet plans, disease names, allergies, and
nutritional measurements.

The test sample speeches were made so as to resemble realistic settings that exist
within the health care field as well as telemedicine practices. Thus, factors such as varied
pronunciation, rate of speech, accent, and background noises have been considered. This is
significant since practical discussions on nutrition can take place under varying conditions.

The major classifications of test sample speeches are as follows.
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Category Example Speech Content
Food Intake Statements “I had oats, almonds, and

low-fat milk for breakfast.”
Disease-Specific Diet “The patient should follow a low

glycemic diet.”
Nutrient Recommendations “Increase omega-3 fatty acids in

the diet.”
Supplement Advice “Vitamin D supplements may

support bone health.”
Dietary Restrictions “Avoid processed sugar and

saturated fats.”
Clinical Nutrition “The patient requires iron-rich

foods for anemia.”

The developed system was benchmarked against several alternatives.

System Variant Description
Baseline ASR Direct transcript generated from

ASR model
ASR + Generative Correction ASR transcript corrected using

transformer model only
Proposed Nutri-Correct ASR output corrected using

knowledge graph-aided
generative correction

The testing was conducted with respect to Word Error Rate, Precision, Recall, F1-
score, and Semantic Accuracy measures. As all these measures were described before in
the methodology section, this chapter addresses the results only.

12.3 Overall Performance Comparison

Nutri-Correct outperformed the baseline ASR system and the ASR+Generative Correc-
tion in terms of transcription accuracy, named entity recognition and semantic correctness.

Table 12.1: Overall Performance Comparison
Model WER ↓ Precision ↑ Recall ↑ F1-Score ↑ Semantic Accuracy ↑
Baseline ASR 18.5% 0.81 0.78 0.79 76.4%
ASR + Generative
Correction

13.2% 0.87 0.84 0.85 85.7%

Proposed
Nutri-Correct

9.8% 0.93 0.91 0.92 93.1%

The baseline ASR model showed the largest error rate among all the models, as it
heavily relied upon acoustic information and language modelling. In general, the ASR
baseline performed well in transcribing common words, but it had issues with specific
nutrition-related terms.
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The ASR+Generative Correction enhanced the output by fixing some linguistic errors.
But still, due to the lack of structured nutritional information, there was a chance for this
model to choose less accurate nutritional term.

Proposed Nutri-Correct model performed better than other methods. First, the error
rate was lowered from 18.5

12.4 Word Error Rate Analysis

WER was utilized as an evaluation metric to indicate the overall quality of the tran-
scription. The baseline ASR model was prone to making some word-based mistakes in
technical nutrition vocabulary. Most of the errors in the transcription were caused by pho-
netic resemblance. For instance, “glycemic” might be mis-transcribed into “glass emic,”
and “omega-3” became “omega three.”

System WER Improvement over
Baseline

Baseline ASR 18.5% —
ASR + Generative
Correction

13.2% 5.3% reduction

Proposed Nutri-Correct 9.8% 8.7% reduction

In turn, the ASR + Generative Correction model managed to decrease WER due to
improvements made to the fluentness of the text and the corrections made at the level
of text. Nevertheless, the proposed Nutri-Correct model achieved lower WERs since the
correction process was driven by a knowledge graph in the field of nutrition.

The knowledge graph enabled the model to recognize only correct and meaningful
terms while rejecting other options.

12.5 Entity-Level Recognition Results

Evaluation of entity level recognition was done using the Precision, Recall and F1 score
measures. The study concentrated on finding whether the system was capable of recogniz-
ing important nutrition specific entities like food, nutrients, vitamins, diets and diseases.

Table 12.2: Entity-Level Recognition Performance
Model Precision Recall F1-Score
Baseline ASR 0.81 0.78 0.79
ASR + Generative
Correction

0.87 0.84 0.85

Proposed Nutri-Correct 0.93 0.91 0.92

The proposed approach gave the highest precision measure of 0.93, indicating that
most of the nutrition specific entities captured by the proposed system were correct. It
also recorded the highest recall measure of 0.91, indicating that the system was able to
successfully identify most of the important domain specific words from the speech.
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An F1 score of 0.92 indicates that there was good trade-off between correctness and
completeness. It was necessary for the nutrition specific transcription system since the
important aspect of such a system is completeness as well as avoiding incorrect terms.

12.6 Semantic Accuracy Analysis

Accuracy from the perspective of semantics forms an important aspect of this thesis since
the focus of the system that will be developed will be on healthcare and precision nutrition.
A phrase could be grammatically correct and yet semantically incorrect; therefore, it is
important to maintain its nutritional context.

Table 12.3: Semantic Accuracy Performance
Model Semantic Accuracy
Baseline ASR 76.4%
ASR + Generative Correction 85.7%
Proposed Nutri-Correct 93.1%

The ASR system performed least accurately since it had a tendency of producing
phrases that were phonetically correct but semantically meaningless. For example, “low
glass emic diet” was phonologically very close to “low glycemic diet,” yet the latter made
sense nutritionally.

The ASR + Generative Correction model improved Semantic Accuracy by correcting
some contextual errors. However, without nutrition-domain knowledge, it still struggled
in cases where the correct term required domain reasoning.

The proposed Nutri-Correct framework achieved the highest Semantic Accuracy be-
cause the knowledge graph provided structured relationships among nutritional concepts.
For example, when the transcript contained terms related to diabetes, carbohydrates, or
diet, the graph helped retrieve related concepts such as glycemic index and low glycemic
diet. This additional semantic support helped the generative model produce more mean-
ingful corrections.
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12.7 Sample Output Comparison

The following examples show how the proposed framework corrected errors generated by
the baseline ASR system.

Table 12.4: Sample ASR Outputs and Nutri-Correct Corrections
Original Speech Baseline ASR Output Nutri-Correct Output
Patient should follow a
low glycemic diet.

Patient should follow a
low glass emic diet.

Patient should follow a
low glycemic diet.

Increase omega-3 fatty
acids in the diet.

Increase omega three fatty
acids in the diet.

Increase omega-3 fatty
acids in the diet.

Probiotic supplements
improve gut health.

Pro biotic supplements
improve good health.

Probiotic supplements
improve gut health.

Vitamin D deficiency
may affect bone health.

Vitamin the deficiency
may affect bone health.

Vitamin D deficiency may
affect bone health.

Avoid processed sugar
and saturated fats.

Avoid processed sugar
and situated fats.

Avoid processed sugar
and saturated fats.

The patient requires
iron-rich foods for
anemia.

The patient requires iron
reach foods for anemia.

The patient requires
iron-rich foods for anemia.

The examples show that the proposed framework improves both word-level correctness
and nutritional meaning. It is especially effective in correcting errors caused by phonetic
similarity.

12.8 Error Category Analysis

The errors produced by different systems were grouped into major categories to under-
stand the nature of improvement.

Table 12.5: Error Category Comparison
Error Type Baseline ASR ASR + Generative

Correction
Nutri-Correct

Substitution Errors High Medium Low
Deletion Errors Medium Medium Low
Insertion Errors Medium Low Low
Formatting Errors High Medium Low
Semantic Errors High Medium Very Low

The baseline ASR system produced many substitution errors because uncommon nu-
trition terms were replaced with phonetically similar general words. Formatting errors
were also common, especially for terms such as omega-3, Vitamin D, and low-sodium diet.

The ASR + Generative Correction system reduced some grammar and formatting
errors. However, it still produced semantic errors when domain-specific knowledge was
required.

32



The proposed Nutri-Correct framework reduced errors across all categories. Its
strongest improvement was observed in semantic errors because the knowledge graph
helped guide the correction model toward nutritionally valid terms.

12.9 Category-Wise Recognition Performance

The system was also analyzed according to different categories of nutritional terminology.

Table 12.6: Category-Wise Recognition Performance of Nutri-Correct
Term Category Example Terms Recognition Performance
Food Items oats, salmon, almonds,

spinach
High

Nutrients protein, fiber, omega-3,
calcium

High

Vitamins Vitamin D, Vitamin C,
Vitamin B12

High

Diet Plans ketogenic diet, low
glycemic diet

High

Diseases diabetes, anemia,
hypertension

High

Measurements calories, grams, milligrams Medium to High
Complex Compounds polyunsaturated fats,

micronutrients
Medium

The designed model showed high performance on food, nutrients, vitamins, diseases,
and diet plans. The slight decrease in performance was experienced when it came to
complex chemical formulas and scientific language because of the increased acoustic com-
plexity and reduced frequency of these terms in the data.

Nevertheless, the inclusion of the knowledge graph enhanced corrections by associating
complicated language with nutritional terms.

12.10 Discussion of Results

As we can see from our results, our framework shows clear improvement compared to ASR
systems. The key factor in this achievement is the addition of domain-specific semantic
knowledge.

Standard ASR systems rely heavily on the recognition of acoustic patterns and proba-
bilities of the used words. Such approaches work well for standard conversation, however,
are not enough for nutrition-specific speech. The vocabulary of a specialized topic may
include rare terms which might not be present in a general-purpose training dataset. This
leads to the outputs that sound similar to the input but lack proper meaning.

A correction model based on transformers will make the output more grammatically
correct, fluent, and even provide a certain degree of contextual awareness. Nevertheless,
without any further external knowledge sources, such correction could fail in the situations
requiring special nutritional knowledge. For instance, general knowledge correction will
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not have strong associations between such terms like glycemic, diabetes, carbohydrates,
and blood glucose level control.

This problem is solved with the knowledge graph. By establishing structured relation-
ships between the words, the graph allows determining whether this word is appropriate
in a given context and is consistent with the adjacent elements of text.

Improvement in Semantic Accuracy is particularly valuable in the area of healthcare
and nutrition. Unlike other criteria, the output’s semantic accuracy is crucial here since
the users should understand the meaning correctly. Therefore, the improvement in Se-
mantic Accuracy achieved by our framework is an important contribution of this research.

12.11 Practical Demonstration Scenarios

Scenario 1: Dietitian Consultation
A dietitian says:
“Patient is advised to reduce intake of high glycemic carbohydrates and increase fiber

consumption.”
The base-line ASR system could generate the following: “Patient is advised to reduce

intake of high glass emic carbohydrates and increase fiber consumption.”
The new system would upgrades this output and give: “Patient is advised to reduce

intake of high glycemic carbohydrates and increase fiber consumption.”
This upgraded output doesn’t alter the recommendation and is much suitable for

clinical documentation.

Scenario 2: Spoken Food Logging
A user says:
“I had oats, almonds, and low-fat milk for breakfast.”
The food items detected are oats, almonds, and low-fat milk. These food items could

be useful for caloric and nutritional purposes through diet tracking systems.

Scenario 3: Telemedicine Nutrition Advice
A doctor says:
“Raise consumption of omega-3s and do not consume saturated fats.”
The baseline ASR might generate the following output:
“Raise omega-3s consumption and avoid saturated fats.”
Nutri-Correct improves it in the following manner:
“Raise consumption of omega-3s and avoid saturated fats.”
The corrected version is better suited to be used in healthcare settings.

Scenario 4: Clinical Nutrition Documentation
A clinician says:
“Vitamin D deficiency may have an impact on bones.”
The baseline ASR might produce the following output:
“The vitamin deficiency may have an impact on bones.”
Our system corrects this phrase and outputs:
“Vitamin D deficiency may have an impact on bones.”
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This illustrates how effectively the framework can work with nutrition terminology.

12.12 Key Observations

Several significant observations were made from the experimental results.
The Nutri-Correct framework outperformed other frameworks on Word Error Rate

measures. It implies that the approach of knowledge graph-based correction provides
better performance in the word transcription process.

The incorporation of knowledge graph helped greatly with the semantics of nutrition-
specific words. In particular, the framework showed good performance in detecting pho-
netically related terms such as glass emic to glycemic, omega three to omega-3, and pro
biotic to probiotic.

On the other hand, although the generator model was efficient in creating more natural
sentences, the inclusion of knowledge graph was essential to provide correct domain-based
semantics.

The system performed exceptionally well when it came to food items, nutrition, vita-
mins, diet plans, and dietary terms relating to diseases. Some difficulties were encountered
with less frequent scientific terminology, complex phrase structures, and highly corrupted
audio files.

12.13 Strengths of the Proposed Framework

The first main advantage of Nutri-Correct is domain-awareness. While general-purpose
ASR systems do not account for any domain-specific characteristics, Nutri-Correct is
tuned to the field of nutrition and healthcare-related speech.

Secondly, it leverages the advantages of the knowledge graph. Since the graph contains
structured semantic information, the system becomes better at performing corrections.

Thirdly, the approach combines symbolic and neural methods of processing the data.
As for symbols, we use ASR for speech-to-text transcription and semantic representation
in the knowledge graph; as for the neural method, we employ the generative model.

Lastly, a higher semantic safety level is achieved. It is critical for medical purposes
to ensure that no mistakes are made during transcription since wrong transcriptions can
create a misunderstanding of information.

12.14 Limitations Observed During Evaluation

Even as good results were obtained using the proposed framework, there were several
limitations identified.

First, the effectiveness of correction relies greatly on how complete the nutrition knowl-
edge graph is. Without the term in the nutrition graph, the system might not return the
right candidate.

Second, some regional foods and dietary terms unique to certain cultures may pose
difficulties when correcting unless they have been incorporated into the nutrition graph.

Third, noise can still impact ASR performance. If the first transcript is too noisy,
the correction model may not be supplied with sufficient context to perform an accurate
correction.
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Fourth, transformer models used in generative correction consume computing power.
This poses a challenge in implementing the correction in real time on less powerful hard-
ware.

Fifth, the proposed system works mostly for nutrition speech in English. There is
more work to do in supporting multilingual and code-mixed conversations.

12.15 Discussion in Relation to Thesis Objectives

The first aim of the present study was to conduct an analysis of the shortcomings of current
ASR models in transcription tasks related to nutrition-related terms. The findings proved
that baseline ASR models have difficulty recognizing special terminology like glycemic,
omega-3, probiotic, and Vitamin D.

The second goal was to create a domain-specific knowledge graph as part of the con-
textual component. The findings demonstrate that reasoning based on a knowledge graph
assisted in selecting proper correction candidates.

The third research goal was to merge generation-based ASR error correction with
knowledge graph reasoning. The novel architecture managed to combine a transformer-
based correction method with the contextual component.

The last research goal was to test the model on several metrics. It was proven that
the proposed framework is superior to baseline solutions on all metrics considered.

Consequently, the findings obtained during the experiments provide evidence for the
main hypothesis: Knowledge graphs can enhance generative correction and improve pre-
cision nutrition speech recognition.

12.16 Summary

This chapter discussed the findings of the proposed Nutri-Correct framework. The per-
formance of the baseline system, ASR with Generative Correction, and the proposed
framework was analyzed experimentally.

The Nutri-Correct framework performed best, yielding a Word Error Rate of 9.8%,
Precision of 0.93, Recall of 0.91, F1-score of 0.92, and Semantic Accuracy of 93.1%.
The findings proved that the combination of nutrition-domain knowledge graphs and
generative correction with transformer networks leads to better transcription quality.

It was further concluded that traditional ASR systems face difficulties in process-
ing the specialized terminologies used in the nutrition domain. The generation of fluent
text through generative correction is insufficient without reasoning about semantics us-
ing knowledge graphs. Hence, the proposed framework serves as a solid platform for
developing intelligent assistants for nutrition, telemedicine applications, and health doc-
umentation systems.
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Chapter 13

CONCLUSION AND FUTURE SCOPE

13.1 CONCLUSION

This thesis presented Nutri-Correct: Knowledge Graph-Aided Generative Error Correc-
tion for Precision Nutrition Speech Recognition, a domain-aware framework designed to
improve the reliability of ASR systems in nutrition and healthcare-related conversations.
The research addressed a key limitation of general-purpose ASR models: their difficulty
in accurately recognizing specialized nutritional terms, food-related expressions, nutrient
names, diet plans, and disease-specific dietary instructions.

The proposed framework combines three major components: a baseline ASR model, a
nutrition-domain knowledge graph, and a transformer-based generative correction module.
The ASR model first generates the initial transcript from speech input. The knowledge
graph then provides structured semantic relationships among foods, nutrients, diseases,
diet plans, and health outcomes. Finally, the generative correction module uses this
domain context to correct semantically incorrect or phonetically similar ASR outputs.

The methodology followed a layered pipeline consisting of audio preprocessing, ASR
transcription, nutritional entity recognition, knowledge graph reasoning, generative cor-
rection, and transcript validation. This design helped the system move beyond simple
word-level correction and focus on preserving the actual nutritional meaning of the spo-
ken content.

The experimental results showed that Nutri-Correct performed better than both the
baseline ASR system and the ASR with generative correction model. The proposed
system achieved lower Word Error Rate, higher Precision, Recall, and F1-score, and
improved Semantic Accuracy. These improvements confirm that integrating structured
domain knowledge with generative AI improves both transcription accuracy and semantic
reliability.

The major contribution of this thesis is the development of a hybrid neuro-symbolic
approach for precision nutrition speech recognition. By combining neural ASR, knowl-
edge graph reasoning, and transformer-based correction, Nutri-Correct provides a strong
foundation for intelligent nutrition assistants, telemedicine platforms, dietary monitoring
systems, and healthcare documentation tools.

13.2 Major Findings

The study produced several important findings. First, baseline ASR systems are prone
to errors when transcribing technical nutrition terms. Words such as glycemic, omega-3,
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probiotic, Vitamin D, ketogenic, and saturated fats are frequently misrecognized due to
phonetic similarity or lack of domain adaptation.

Second, generative correction improves transcript fluency but is not always sufficient
for domain-specific accuracy. A transformer-based correction model can improve grammar
and sentence structure, but without nutritional knowledge, it may still select incorrect or
incomplete terms.

Third, the nutrition knowledge graph significantly improves semantic correction. By
representing relationships among diseases, nutrients, diet plans, and food items, the graph
helps identify contextually valid alternatives. This is especially useful for correcting errors
such as glass emic → glycemic, omega three → omega-3, and pro biotic → probiotic.

Fourth, the proposed framework improves semantic reliability, which is more important
than simple word matching in healthcare communication. The final transcript generated
by Nutri-Correct is not only more accurate but also more meaningful for clinical and
nutrition-related use.

13.3 Future Scope

Although the proposed Nutri-Correct framework achieved strong results, there are several
opportunities for future improvement and extension.

One major area of future work is the development of a larger and more diverse nutri-
tion speech dataset. The current framework can be further improved by including more
speakers, accents, regional food names, cultural dietary terms, and real-world telemedicine
recordings. A larger dataset would improve the robustness of the ASR and correction
modules across different user groups and environments.

Another important direction is multilingual and code-mixed speech recognition. In
real healthcare settings, users may speak in regional languages or mix English with local
languages. Extending Nutri-Correct to support Hindi, regional Indian languages, and
multilingual nutrition conversations would make the system more practical and accessible.

The nutrition knowledge graph can also be expanded in future work. New food items,
dietary supplements, regional cuisines, disease-specific nutrition rules, allergies, and medi-
cal dietary guidelines can be added to make the graph more complete. A richer knowledge
graph would improve the system’s ability to correct rare and complex nutritional expres-
sions.

Future versions of the system may also integrate personalized nutrition profiles. User-
specific information such as age, health condition, allergy status, diet preference, and
medical history could help the system provide more accurate contextual correction. For
example, if the user has diabetes, the system can give more importance to terms related
to glycemic index, sugar intake, and carbohydrate control.

Real-time deployment is another important future direction. The current framework
can be optimized for faster inference so that it can be used in live telemedicine sessions,
mobile health applications, or virtual nutrition assistants. Techniques such as model
compression, quantization, caching, and lightweight transformer models can help reduce
computational cost.

The framework can also be extended beyond nutrition speech recognition. The same
knowledge graph-aided generative correction approach can be applied to other special-
ized domains such as clinical diagnosis, pharmaceutical consultation, radiology reporting,
mental health counseling, and medical transcription.
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Another future enhancement is human-in-the-loop validation. Since healthcare tran-
scription can directly affect decision-making, critical corrections may be reviewed by
healthcare professionals before being stored in official records. This would improve safety,
trust, and clinical reliability.

Multimodal extension is also a promising research direction. Future systems may
combine speech input with food images, nutrition labels, wearable device data, and elec-
tronic health records. Such a system could support more advanced dietary monitoring
and precision nutrition recommendations.

Finally, future research may explore adaptive learning mechanisms. The system can
learn from user feedback and correction history to improve over time. If a particular user
frequently mentions certain foods, supplements, or medical terms, the model can adapt
its correction behavior accordingly.

13.4 Summary

This thesis presented Nutri-Correct, a knowledge graph-aided generative correction frame-
work for improving nutrition-focused speech recognition. The system combines ASR,
nutrition-domain semantic reasoning, and transformer-based correction to reduce tran-
scription errors and preserve contextual meaning. The results show that Nutri-Correct
performs better than baseline ASR and simple generative correction approaches, mak-
ing it suitable for applications such as telemedicine, dietary monitoring, virtual nutrition
assistants, and healthcare documentation. Future improvements can focus on multilin-
gual support, real-time deployment, larger nutrition datasets, and personalized nutrition
integration.
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