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xpert knowledge is stored in the knowledge base through an externalizing process in 
the form of facts, procedures, heuristics, and rules. The knowledge base helps to refine 
the present knowledge and insert new knowledge without recompiling a program. 

Medical diagnosis is one of the first knowledge-based areas in which expert system principles 
are applied. Almost all knowledge-based medical diagnostic systems take input symptoms in 
the form of text and rely on the English language.  This is a hindrance to illiterate and non-
native English speakers of developing countries to utilize the system, and unfortunately, 
Pakistan is one of them.  In this connection, this paper proposed an indexing method for 
integrating the medical diagnostic knowledge base with a Pakistani National Language-based 
voice-oriented user interface for accommodating the illiterate. 
Keywords: Diagnostic Tree, Knowledge Base, Medical Diagnosis System, Artificial 
Intelligence, Speech Recognition 
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Introduction: 
The synthesis of experiences, context, interpretation, and reflection with information 

generates knowledge. Knowledge represents a refined form of information that exists 
cognitively within individuals; however, it is inherently more complex and costly to 
communicate than raw information. Knowledge can be categorized into two types: tacit and 
explicit [1][2]. Tacit knowledge resides within individuals [3] and manifests through expert 
skills, practical experience, common sense, and sound judgment. In contrast, explicit 
knowledge is found in the form of procedures, knowledge base, and protocols [4][5][6][7]. 
Tacit knowledge can further be divided into two dimensions: technical and intellectual 
knowledge [8][9]. Technical knowledge is informal and associated with “know-how,” making 
it difficult to articulate, whereas intellectual knowledge relates to one’s beliefs, ideas, and 
values. Quality diagnostic services and healthcare cannot be provided without tacit knowledge. 
Many giant healthcare organizations provide opportunities for their doctors to share 
experiences, judgment, and skills to improve their knowledge. These opportunities are 
provided by organizing conferences, group discussions, and constituting a medical expert 
panel. Group discussion and expert panels enable practitioners to take collective decisions on 
a particular medical problem. However, access to specialists remains limited, especially in 
developing nations. The scarcity of medical professionals and the lack of adequate healthcare 
infrastructure have led to significant health crises in these regions.  

The severity of these problems can be mitigated by implementing a knowledge-based 
expert system. 

The Knowledge base is a centralized repository of data or information that comprises 
experts’ tacit knowledge by capturing experiences, judgment, and skill through the 
externalizing process, as shown in Figure 1. 

The knowledge-based system in medical diagnosis was taken up in the 1970s.  
INTERNIST is one of the first knowledge-based clinical support systems developed by Myers  
in 1974 at the University of Pittsburgh [10]. 

 
Figure 1. Knowledge capturing and externalizing 

Knowledge generated through human interactions in the digital environment, 
combined with insights into their device preferences, has the potential to enhance the training 
of artificial intelligence systems. Such systems can be leveraged to strengthen global health 
initiatives by providing predictive, diagnostic, and recommendation capabilities, especially for 
underserved communities [11]. It is observed that in the last decade, the use of knowledge 
base systems has been embedded with other technologies, such as mobile and speech 
recognition technologies. It also observed that the large majority of knowledge base medical-
diagnosis systems are based on the English language. As a result, a large portion of the illiterate 
population and those lacking proficiency in English are unable to effectively use these systems. 
In this context, this paper proposed an indexing technique for integrating the knowledge-
based medical diagnostic with a Pakistani regional language based user interface, since can be 
more accessible to people who do not speak English or have limited English proficiency.  
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This is particularly crucial in regions with significant language barriers or where most 
individuals do not speak English as their primary language.  People are more likely to engage 
with a system presented in their native language, especially if they are not proficient or 
comfortable with English.  

This can result in greater user adoption and engagement. Incorporating national 
languages such as Urdu, Hindi, Malay, Bahasa, Javanese, or Bengali, as well as regional 
languages like Pashto, Punjabi, Marathi, or Hindko, can help users better understand and 
interact with the system. This approach enhances accuracy and efficiency while fostering 
improved communication and collaboration among users.   

Form-based interaction that relies on “clicks” and “selections” enables users to submit 
their symptoms more efficiently and with fewer errors. Moreover, it allows medical staff to 
interpret and process the information more easily and accurately. 

It is important to note that implementing a local language-based MIS can also have 
some challenges, such as the need for translation and localization, as well as the potential for 
language-based barriers to collaboration among multilingual teams. 
Objectives: 

An objective of this research is to design and develop a novel voice-based intelligent 
medical diagnosis system. The purpose of this system is to enable users to communicate 
symptoms in their local language. This can improve accessibility for individuals who are not 
proficient in English. Another objective is to incorporate multiple Pakistani regional languages 
into the diagnostic interface to ensure inclusivity and usability for rural populations belonging 
from various localities of Pakistan. Yet another objective is to construct a practitioner-
validated knowledge base of symptoms in Roman Urdu, using expert medical knowledge and 
reliable clinical resources, so as to ensure accurate mapping between voice inputs and medical 
conditions. Finally, this research is also aimed at developing a customized diagnostic tree 
capable of predicting diseases. 
Novelty Statement: 

This research is novel in the sense that it has introduced the first Urdu and regional-
language voice-based medical diagnosis system, which integrates a practitioner-validated 
knowledge base with a custom diagnostic tree, enabling accurate, speech-driven symptom 
interpretation. Even the illiterate and rural populations can use this application without 
difficulty. 
Significance of the Current Research: 

This Urdu supported voice-based medical information systems can provide a number 
of benefits to local healthcare dispensaries, organizations, and professionals, as well as to 
patients. Some of the potential industrial benefits of such systems include enhanced patient 
care, improved diagnostic accuracy, greater administrative efficiency, reduced patient 
turnaround time, better communication, and increased patient satisfaction.  Such systems help 
to reduce the risk of errors and increase the speed of data entry, allowing healthcare 
professionals to focus on providing care to patients rather than on administrative tasks. They 
also provide easy access to important medical information, allowing healthcare professionals 
to make more informed decisions about patient care. They streamline processes and reduce 
the time and effort required for tasks such as documentation, freeing up healthcare 
professionals to focus on other important tasks. As part of this, these systems can facilitate 
communication between healthcare professionals, helping to ensure that all team members 
have access to the same information and can collaborate more effectively and provide patients 
with easy access to their medical records and other important information, helping to improve 
their overall experience with the healthcare system. 

Like many developing nations, countries such as Pakistan, India, Malaysia, Indonesia, 
Nepal, and Bangladesh face major challenges in the healthcare sector. According to the World 
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Health Organization (WHO), several key standards must be met to ensure the provision of 
universally accessible healthcare services. • Healthcare services are universally accessible 
for everyone.  
Adequate healthcare infrastructure, such as medical centers, hospitals, primary health services, 
and medical professionals, must be available for everyone.  
All healthcare providers must respect dignity and deliver appropriate care, observing due 
consideration of cultural norms.  
All healthcare services must be delivered promptly. 

These standards include the availability of adequate healthcare infrastructure and 
personnel, the respect of cultural norms and dignity in care, and the timely delivery of services. 
However, in Pakistan, these standards are often not met due to a variety of factors, including 
shortages of medical staff and infrastructure, long distances to healthcare centers, cultural 
values, political instability, and a lack of a holistic approach to healthcare. 

Many countries have successfully leveraged technology—such as medical assistant 
software and customer relationship management systems—to deliver healthcare services in 
regions facing medical infrastructure and accessibility challenges. However, in the case of 
Pakistan, while the technology and software are available at no cost, people are unable to use 
them because their use of English as the primary language is English, which presents a barrier 
for many individuals.   

One major barrier to healthcare access is the fact that much of the medical technology 
and software available relies on English as the primary language. This presents a significant 
challenge for those with limited literacy or proficiency in English, which is a significant portion 
of the population. In fact, only about 11% of Pakistanis can understand English, and the 
majority of these individuals live in urban areas. More than 80% of Pakistanis cannot read or 
write in English, meaning that existing medical applications may not be accessible or useful to 
the majority of the population. 

In order to address this issue, it is necessary to develop expert systems that are able to 
translate the knowledge base into regional languages and provide medical facilities in a 
language that is easily understood by the majority of the population. This can be accomplished 
by integrating speech recognition and mobile technologies with medical diagnostic 
applications.  

With speech-based user interfaces, patients can describe their symptoms in their native 
language, making the process more accessible. Additionally, GPS technology allows for the 
tracking of doctors and ambulances, improving coordination and the overall efficiency of 
healthcare delivery. Our research suggests that an expert system that addresses multiple areas 
of medical care, including doctor availability, ambulance management, medical guidance, and 
medical diagnosis, could be beneficial in countries where English is not the first language. 
Previous research and literature review indicate that most medical applications use an English 
language-based user interface, with some using a graphical user interface (GUI) for inputting 
symptoms and others using SMS-based symptom input. However, none of the existing 
systems utilize speech-based user interfaces for symptom input or GPS for tracking patients, 
doctors, and ambulances. While these systems have been successful in improving healthcare 
services in other developing countries, they have not been as effective in underdeveloped 
countries due to the high levels of illiteracy and low proficiency in English among the 
population. The integration of speech recognition technology and mobile technology with 
medical diagnosis applications could potentially address these issues and be beneficial for 
people in underdeveloped Asian countries. Additionally, the existing medical diagnostic 
systems do not clearly depict the relationships among all components, making it difficult to 
understand their functions and interactions. Enterprise architecture could potentially improve 
the depiction of the functions and performance of all related components, and the integration 
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of mobile phone GPS with medical diagnosis applications could enhance the delivery of 
healthcare by determining the nearest available doctor through tracking patient and doctor 
location. 
Materials and Methods: 

Medical diagnosis is a complex process that requires extensive experience and 
expertise. Since medical specialists are not always available, medical software can play a crucial 
role by assisting inexperienced doctors and non-professionals in diagnosing diseases more 
accurately and efficiently. All developing countries takes the advantage of these expert systems 
and facilitate their nation. Medical software plays an important role in providing quality 
medical services and handling multiple patients. Since mobile phone usage is widespread 
across both rural and urban areas, it is rare to find someone without access to one. Therefore, 
medical software designed to be mobile-friendly ensures easy accessibility and usability for all 
types of users.  These systems are known as expert systems. An expert system is a computer 
program that operates within a specific domain, utilizing specialized knowledge typically held 
by human experts [12][13]. Numerous medical software programs are effectively serving in the 
medical area, and some are briefly discussed below. 
Mycin: 

MYCIN was developed by Dr. Edward Feigenbaum and Buchanan as the first system 
which is based on a Rule-Based medical diagnosis system at Stanford University in 1970 
[14][15][16]. It consists of approximately 450 rules, and its generalized version, known as 
EMYCIN, is utilized for diagnosing blood infections [17][18]. It performed at nearly the same 
level of competence as human specialists in diagnosing blood infections and even surpassed 
general practitioners, offering significant support to the medical field. 
MobDoc: 

MobDoc [19] is a rule-based expert system that can be deployed in mobile devices in 
order to provide primary health care services in the absence of a doctor. This system is 
particularly beneficial in rural areas where healthcare infrastructure is lacking and paramedical 
staff are scarce. It collects patient symptoms through a question-and-answer format, where 
users select responses from given options, as illustrated in Figure 2. Using MobDoc is simple 
and efficient, as it can be installed directly on users’ mobile devices, allowing access anytime 
and anywhere during a medical emergency. Users do not need to worry about how to interact 
with the system, as it provides guided options and user-friendly assistance throughout the 
process.  

 
Figure 2. Screenshot of MobDoc [19] 
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An Adoptive Medical Diagnosis System: 
AMDS is a rule-based expert system model developed for common diseases like 

Typhus, Malaria, Plague, and Typhoid, etc. [20][21]. The AMDS system, based on expert 
system (ES) technology, is highly beneficial for patients suffering from common diseases, as 
it can generate prescriptions similar to those provided by medical professionals. This system 
is particularly valuable in rural areas with limited or inexperienced medical staff. AMDS assists 
young doctors and paramedical personnel in the disease diagnosis process, as illustrated in 
Figure 3. 

 
Figure 3. Adoptive Medical Diagnosis System [20]. 

Diagnosis Expert System: 
DExS is built on a pattern-matching algorithm. To accumulate factual knowledge, data 

are collected concerning the association between signs and symptoms associated with patients.  
The signs, symptoms, and test reports are the determining factors of a particular disease.  The 
main purpose of the DExS system is to connect the evidence (input data) with appropriate 
rules through the rule base. DExS is designed for professionals; it provides consultation, quick 
diagnosis, and justifications of the obtained results [22][23]. The working model of DExS is 
shown in Figure 4. 

 
Figure 4. Working Model of DEX 

Automated Mobile Asthma Monitoring: 
The primary aim of this system design is to create a real-time application that can 

monitor and detect early signs of asthma during physical activity. This system promptly alert 
user upon detecting any irregularities to prevent a worsening of the condition. Additionally, 
the system provides users with feedback regarding their health status. To accomplish this, 
Uwaoma and Mansingh incorporated advanced algorithms capable of analyzing and classifying 
breath sounds, as well as identifying different levels of physical activity.   These algorithms are 
executed on a smartphone, providing a practical and accessible platform for this application. 
[24]. 
Treatment of Hypertension in Pregnancy: 
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Hypertensive disorders represent a major cause of pregnancy-related maternal 
mortality worldwide. Similar to the non-pregnant population, hypertension is the most 
common medical disorder encountered during pregnancy and is estimated to occur in about 
6–8% of pregnancies [25].  

This system is built to address the shortage of obstetrician experts at the Reproductive 
Health Division in Kenya. This system assists inexperienced practitioners in the diagnosis and 
treatment of hypertension in Pregnancy. The knowledge base of this system includes facts 
about preeclampsia and hypertension ([26]. The Waterman [27] approach is followed to 
develop this system. The structure of the treatment of hypertension in the pregnancy expert 
system is shown in Figure 5. 

 
Figure 5. Treatment of hypertension in pregnancy expert system structure [26]. 

Neuro Fuzzy Expert System: 
This system, developed for heart disease diagnosis, is based on genetic algorithms, 

fuzzy rules, and neural networks. It allows users to carry out diagnostic procedures using a 
reduced number of tests by leveraging the optimization capabilities of genetic algorithms. The 
fuzzy rule and neural networks enable the system to perform prediction effectively [28]. The 
working model of the Neuro fuzzy expert system is shown in Figure 6. 
Rule-Based Expert System for Neurological Disorders: 

This system is capable of diagnosing 10 types of neurological diseases by employing a 
rule-based technique. Microsoft Visual Studio .NET and Prolog were used to build conceptual 
system models of this expert system. The Rule-Based Expert System for Neurological 
Disorders empowers the neurologists, neurology students, and patients to get guidance or 
advice about neurological disorders by putting in the symptoms of illness [29]. 

In this system, the user was presented with a set of queries in the interactive window, 
for which the user had the option to answer yes or no. The set of questions was prepared 
according to the symptoms shown by patients with neuromuscular diseases. Based on the 
feedback given by the patient, the RETE algorithm searched the knowledge base for possible 
pattern matches. If there was a rule in the knowledge base that matched the patient’s 
symptoms, the system displayed the possible diagnosis in the recommendation window. 
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Expert System for the Management of Hypertension: 
This is a web-based Hypertension Management Expert System developed using fuzzy 

logic techniques, as illustrated in Figure 7. Expert System for the Management of Hypertension 
takes input in the form of blood pressure reading, body-mass-index, and age. The fuzzy-rules 
compute these parameters and produce results in the form of hypertension risk. The web-
based interface is designed using PHP and HTML, MySQL is used for managing the 
knowledge base, and an Apache server is used for server-side scripting [30]. 

 
Figure 6. Neuro-fuzzy system 

 
Figure 7. Expert System for the Management of Hypertension [30]. 

Third-world countries are surrounded by healthcare and education problems due to a 
shortage of professionals and infrastructure. The mortality rate is very high in these countries, 
especially in rural areas, due to the unavailability of medical professionals. The knowledge-
based medical software can fill the gap in the shortage of medical professionals and may reduce 
the mortality rate. Many developing countries are taking advantage of medical software and 
improving healthcare services. Pakistan is also developing and facing serious healthcare 
problems. Pakistan can’t take the assistance of knowledge-based medical diagnostic software 
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because of illiteracy. The literacy rate of Pakistan is very low, especially in rural areas. Most 
Pakistani people can’t understand English, which is why they are unable to use medical 
diagnostic software. In this connection, this research proposed a new method (indexing 
method) for integrating the knowledge base medical diagnostic system with a speech-based 
user interface in the regional languages of Pakistan. 
Methodology: 

This method comprised two phases: the first involved developing a knowledge base 
and diagnostic tree, while the second focused on the diagnostic process. 
Phase 1: Development of a knowledge base diagnostic tree: 

The development of a knowledge base was the first phase of the indexing method. 
Three major tasks were carried out in this phase: (1) developing a knowledge base for 
symptoms, (2) developing the diagnostic tree, and (3) building a knowledge base for diagnostic 
results and prescriptions based on the diagnostic tree. 
Task 1: Development of a knowledge base for symptoms: 

The symptom knowledge was acquired from practitioners and stored in the knowledge 
base along with the Symptom Identification Number (SymID), Symptom Name in English 
(SymNameE), and Symptom Name in Roman Urdu (SymNameU), as shown in Table 1. 
Task 2 (Development of Diagnostic Tree): 

The second step of Phase 1 involved developing the diagnostic tree based on the 
collected symptom data, as illustrated in Figure 8. This diagnostic tree was constructed using 
Symptom Identification Numbers (SymIDs), developed in consultation with medical 
practitioners and by referencing online diagnostic platforms such as WebMD and similar 
resources.  

Table 1. Symptoms Knowledge base 

Symid SymNameE SymNameU 

1 Sore Throat Galay Kharab 

2 Fever Bukhar 

3 Headache Sar dard 

4 Sneezing Cheenkna 

5 Discharge Nose Naak Behna 

6 Congested Nose Naak Band 

7 Cough Khaansi 

8 Mucus Balgam 

9 Itchy Eyes  Aankh Dard 

Task 3 (Diagnostic & Prescription Knowledge Base): 
The final task of Phase 1 was to build a diagnostic and prescription knowledge base 

by considering the diagnostic tree and consulting physicians, as well as verified online material, 
as shown in Table 2. This knowledge base contained information about disease treatment in 
the form of prescriptions and medications. 

Table 2. Diagnostic & prescription knowledge base 

Diagnosis 

DiagID Disease Prescription 

78 Flu, Viral illness oseltamivir Tamiflu 75mg (twice a day for 5 days) 

123 Infection Augmentin 375 mg( 1 Tablet three time for 3 to 5 days) 

456 Allergies Softin Tab 10 mg (one a day) for up to 5 days 

1345 Cold Arinac Tab 200mg (one Tablet Three Time a Day) for 3 to 5 days. 

Phase 2 (Diagnostic Process): The second phase of the indexing method consisted of six 
steps, including speech grammar, symptom collection, arranging symptoms in an array, 
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obtaining symptom IDs, sorting symptom IDs, and acquiring the diagnostic result, as 
illustrated in Figure 9. 

 
Figure 8. Diagnostic tree 

 
Figure 9. Diagnostic process 

Speech Grammar: 
The speech-based user interface gathered symptoms from the user/patient in the Urdu 

language by using a specially designed Roman Urdu grammar, as shown in Grammar-XML 1. 
This grammar was developed in Extensible Markup Language (XML) and was called the 
Speech Recognition Grammar Specification (SRGS). SRGS grammars enabled the 
construction of complex voice-based user interfaces by providing features such as specifying 
the order of words and phrases, merging words from multiple lists, assigning weights to words 
or phrases, and using special rules for speech recognition. Figure 10 shows a sample of the 
SRGS XML file for speech recognition. This file describes the order of words and the rules; 
for example, the <one-of> and <item repeat="0-1"> tags were used for defining the rules for 
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selecting words from an item list. <one-of> meant selecting only one word from the list, while 
<item repeat="0-1"> meant that the word could be recognized zero or one time [31]. 

<grammar root="phoneRule" version="1.0" 
xmlns="http://www.w3.org/2001/06/grammar" 
xml:lang="en-US" tag-format="semantics/1.0"> 
  <rule id="phoneRule" scope="public"> 
    <one-of> 
      <item>khaansi</item> 
      <item>Saar</item> 
       <item>Sir</item> 
      <item>Gala</item> 
       <item>Gulay</item> 
      <item>Gaalay </item>  
      <item>jism</item> 
      <item>Aankhay</item> 
      <item>Naak</item> 
      <item>Bukhar</item> 
       <item>Booker</item> 
      <item>Cheenkana</item> 
      <item>naak Behna</item> 
      <item>Balgham</item> 
    </one-of> 
      </rule> 
  </grammar> 

Grammar-XML 1 
Symptoms Collection: 

The user interface collected symptoms one by one from the patient according to the 
defined rules of the SRGS XML specification and added them into a string variable. This string 
variable held only the first word of the symptom phrase. For example, when the user/patient 
said the symptom phrase “saar maa dard ho raa hay,” the string variable stored the first word 
of the phrase, “saar.” The “+” sign was used as a separator between two or more symptoms. 
Figure 10 shows the collected symptoms in the string variable Symp [32] . 

 
Figure 10. Collected symptoms separated by the “+” sign 

Arrange Symptoms in the Array: 
After collecting the symptoms, the next step involved dividing them so that each 

symptom was stored individually in a separate string array referred to as Symp_Array. This 
array was later used for obtaining symptom IDs from the symptom table [33]. The splitting 
and transferring of symptoms from the string variable Symp into the array were performed by 
employing the algorithm described in Algorithm No. 1. 
Algorithm/Pseudocode No.1: 

Here, Symp is a string variable to hold all symptoms, Symp_Array is a String array to Hold 
Individual Symptoms, and LOP is a counter variable. 
1. [Initialize counter] Set LOP:-0 
2. Repeat Steps 3 to 5 while LENGTH(Symp)>1 [Repeat until variable Symp Length gather 
than one]  
3. Symp_Array[LOP]:=SUBDTRING(Symp,0,(INDEX(Symp,’+’)-1))  [Employing 
substring function for getting symptoms from variable Symp by determining the location 
of the separate mark sign “+”] 
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4. Symp:=DELETE(Symp,0,(INDEX(Symp,’+’)+2))  [Removing Symptoms one 
by one from variable Symp] 
5. Set LOP:=Lop+1  [Increment in Counter variable]  
 [End of Step 2 Loop] 
6. Symp_Array[Lop]:=”##” [Marking end of Symptoms in Symp_array] 
7. Exit 

Algorithm No. 1: 
Algorithm/Pseudocode No. 1 treated Symp as a string variable holding all symptoms, 

Symp_Array as a string array holding individual symptoms, and LOP as a counter variable 
[34].  

The algorithm showed the results of each iteration: in each iteration, one symptom 
was added to the array and then removed from the string variable. This removal reduced the 
length of the variable. When the length of the array became 1 or 0, the loop terminated, and 
the array was marked with the end-of-symptoms indicator “##,” as illustrated in Figure 11. 
Getting symptom ID: 

After completing the splitting and storing of symptoms into the array, the next activity 
was to fetch the Symptom ID from the symptom database table and store it in the SympNo 
array. This activity was performed by the algorithm described in Algorithm No. 2. 
Algorithm/Pseudocode No.2: 

Here, Symno is a string array to hold Symptom ID, LOP is a counter variable, Symp_Array 
is also a string Array holding Symptoms, SmSQL is a string variable to hold SQL Query. 
1. [Initialize counter] Set LOP:-0 
2. Repeat Step 3 and 4 While (Symp_Array[LOP]!=”##”) [Repeat until headcounter 
the “##” sign] 
3. (a) SymSQL=”Select Symid from Symptoms where SymNameU=” + 
Symp_Array[LOP] + “ ”  [Putting SQL query in variable SymSQL] 
 (b) System.Data.OleDb.OleDbDataAdapter(SymSql, Connection) [Passing Query 
through SymSQL variable to database connection] 
 (c) Symno[LOP]=Tables[“Semptoms”.Row[0][0].ToString()  [Fetching and 
holding Symptom ID symptom table in Symno Array] 
4. Set LOP:=LOP+1 [increment in counter variable] 
 End of step 2 loop 
5. Set Symno=[LOP]:=”##” [Mark End of Symptom] 
6. Exit 

 
Figure 11. Results in each iteration of  an algorithm/pseudocode No.1 

Algorithm No.2 for Getting Symptoms ID from the Table: 
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The algorithm demonstrated all steps for obtaining symptom IDs from the symptoms 
table and storing them in the SympNo array. The function took one symptom at a time from 
Symp_Array until the counter reached the “##” symbol. Each symptom was passed as a key 
to an SQL query through a database connection to fetch the SympID from the symptoms 
table. Finally, the SympID was stored in the SympNo array, as shown in Figure 12. 

 
Figure 12. Getting symptoms not from the table 

Sorting Symptom ID:  
These Symptom ID numbers were stored in the SympNo array as strings. Before being 

used in the diagnostic process, they were passed through an integer conversion, sorting, and 
concatenation process by employing the algorithm shown in Algorithm No. 3. 
Algorithm/Pseudocode No.3: 

Here, LOP is a counter variable, Symint is an integer array to hold Symptom ID in the form 
of an integer value, Bubble sort is a procedure for sorting the array, Symp is a string variable 
to hold Symptom ID after Concatenation. 
1. [Initialize counter] Set LOP:=0 
2. Repeat Step 3 and 4 While(Symno[LOP]!=”##”   [Repeat until headcounter the ## 
sign] 
3. Symint[LOP]=Convert.ToInt16(Symno[LOP])  [Convert each Symno in to integer and 
store in Symint Array]  
4. Set LOP:=LOP+1  [Increment in Counter variable] 
 [End of step 2 loop] 
5. Bubble_Sort(Symint)  [Apply Bullbe_Sort Procedure]  
6. [Initialize Counter] Set LOP:=0 
7. Repeat Step 3 and 4 while(LOP<Length(Symint)) [Looping] 
8. SetSymp:=Symp // convert.ToString(Symno[LOP]) [Concatenate Symno into Symp 
variable] 
9. Set LOP:=LOP+1 [increment in counter variable] 
 [End of Step 7 loop] 
10. EXIT 

Algorithm No. 3. (Convert to integer, Sort and concatenate): 
In the initial stage of Algorithm No. 3, the symptom IDs were converted from a string 

data type to an integer data type and stored within an integer array. The second phase sorted 
the integer array (SymInt) in ascending order. The third phase collected each sorted symptom 
ID from the array and combined them into a single variable using the concatenation 
procedure, as illustrated in Figure 13.  
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Figure 13. Phases of Algorithm No 3. 

Acquire Diagnostic Result: 
Finally, the concatenated form of symptom IDs stored in the Symp variable was used 

as a primary key to retrieve the corresponding disease diagnosis and medical prescription from 
the diagnosis table. The diagnostic result was obtained using the algorithm described in 
Algorithm No. 4. 
Algorithm/Pseudocode No.4: 

Here, DiagSQL holds SQL query, Symp holds Symptom ID, and DiagnosticResult holds 
Diagnosis Result, such as disease / Medical prescription. All variable data type is string. 
1. DiagSQL:= “select * from Diagnosis where DigID=” + Symp + ””  [Putting SQL query 
in variable DiagSQL] 
2. System.Data.OleDb.OleDbDataAdapter(DiagSQL, Connection)  [Passing Query 
through DiagSQL variable to database connection]  
3. String DiagnosticResult=(DiagDs.Tables[“Diagnosis”]. Rows[0][1]. ToString ()) 
[Fetching and holding disease / Medical prescription from the Diagnosis table in 
FinalResult variable] 
4. Exit 

Algorithm No. 4: 
The first step of Algorithm No. 4 constructed a query by concatenating the Symp 

variable and storing it in the DiagSQL variable. In the second step, the DiagSQL variable was 
passed to SQL through a database connection to fetch the diagnostic result from the diagnosis 
table. Finally, the fetched information was stored in the variable diagnostic result, as shown in 
Figure 14. 

 
Figure 14. Getting Diagnostic information through algorithm no 4. 
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Result and Discussion: 
The indexing method allowed the locals to benefit from medical diagnostic software 

by using speech-based user interfaces in their own regional languages. This method was able 
to integrate any Pakistani or Malaysian regional language (speech-based user interface) with 
the medical diagnostic system. The indexing method was initially evaluated in the Urdu 
language by attaching its speech grammar and a symptoms knowledge base containing 
information about symptom IDs, symptoms in English, and in Roman Urdu. The method 
took symptoms in the form of speech from the user/patient, converted them into the regional 
language, and performed the diagnostic process in six steps (already defined above) on the 
server, which then produced a prescription for the user/patient. The proposed method was 
particularly beneficial for individuals who were not proficient in English. It served remote 
populations by providing medical diagnostic services in areas where doctors or paramedical 
staff were unavailable. The indexing method bridged the gap between patients and primary 
medical services and provided diagnostic services at their doorsteps in their regional language.  

The indexing method was evaluated in three phases: the first phase belonged to 
medical professionals, the second to IT/IS experts, and the third to users/patients. 
Phase 1. (Medical Professionals): 

Ten medical professionals were approached to evaluate the indexing method; five 
showed interest and evaluated it. The medical professionals evaluated the indexing method 
based on three key parameters: (1) the structure of the diagnostic tree, (2) the relationships 
between symptoms and diseases, and (3) the accuracy of diagnostic results and prescriptions. 

Initially, the indexing method was applied to four types of illnesses, including Flu, Viral 
Illness, Infection, Allergies, and Cold. The medical professionals evaluated the illness 
diagnostic tree on the basis of these four types of diseases and assessed the decisions generated 
by the diagnostic tree. The medical professionals rated the diagnostic tree using the Likert 
scale, as shown in Table 3. 

Table 3. Diagnostic tree assessment 

Symptoms Illness Medical 
Expert 

Strongly 
disagree 

Disagree Neither 
agree nor 

Agree Strongly 
agree 

Cough (7), Mucus 
(8) 
78 

Flu, Viral 
illness 

1      

2      
3      

4      

5      

Sore Throat (1), 
Fever (2), 
Headache (3) 
123 

Infection 

1      
2      
3      
4      

5      

Sneezing (4), 
Discharge nose (5), 
Congested Nose (6) 
456 

Allergies 

1      
2      

3      

4      

5      

Sore Throat (1), 
Headache (3), 
Sneezing (4), 
Discharge nose (5) 
1345 

Cold 

1      

2      

3      
4      

5      
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According to Table 1, 55% of Medical Practitioners Agreed, 40% Strongly Agreed, and 
Only 5% Neither Agreed nor Disagreed with the Outcome of the Diagnostic Tree: 

Medical experts assessed the relations between symptoms and disease by cross-relating 
them and rated them using a Likert scale, as shown in Table 4. Nearly 80% of medical experts 
strongly agreed that the provided symptoms were fully related to the above-mentioned 
diseases, while 20% agreed. 

Table 4. Relations assessment 

Symptoms Illness Medica
l 
Expert 

Strongl
y 
disagre
e 

Disagre
e 

Neithe
r agree 
nor 

Agre
e 

Strongl
y agree 

Sore Throat, Fever, 
Headache,  Sneezin
g, discharge from 
the nose, Congested 
Nose, Cough, 
Mucus, Itchy eyes 

Flu, 
Viral 
illness, 
Infection
, 
Allergies,  
Cold 

1      

2      
3      
4      
5      

Parameter 3 (Diagnostic results and prescription): 
Medical professionals evaluated the diagnostic results and prescriptions using a Likert 

scale, as presented in Table 5. It could be seen that 55% of medical professionals agreed with 
the diagnostic results and prescriptions, while 45% strongly agreed. 

Table 5. Diagnostic results and prescription 

DigID Disease Prescription Medical 
Expert 

Strongly 
disagree 

Disagree Neither 
agree nor 
disagree 

Agree Strongly 
agree 

78 
Flu, Viral 
illness 

Oseltamivir 
Tamiflu 75 mg 
( twice daily for 
5 days) 

1      

2      

3      

4      

5      

123 Infection 

Augmentin 375 
mg (1 tablet 
three times a 
day)  for 3 to 5 
days 

1      

2      

3      
4      
5      

456 Allergies 
Softin Tab 
10mg (Once a 
day) for 5 days 

1      

2      
3      
4      
5      

1345 Cold 

Arinac Tab 
200mg/30mg 
(1 tablet three 
times a day)  
for 3 to 5 days 

1      

2      

3      
4      

5      
Phase 2. (IT/IS experts): 

During the evaluation, 10 IT/IS experts were approached to assess the indexing 
method; four declined, while six expressed interest. These experts evaluated the method based 
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on three specific parameters. The first parameter is the method of symptom collection, the 
second is the integration of the various components of the indexing method, and the third 
involves evaluating the algorithms.   
Parameter 1 (Symptoms Collection Method): 

More than 66% of experts agreed that the symptoms collection method was user-
friendly and comfortable for the Pakistani population because it used speech in the native 
language. About 34% of IT/IS experts were somewhat satisfied but argued that noise factors 
could have affected the performance of the speech-based input interface. 
Parameter 2 (Integration of Different Components): 

Almost 83% of IT/IS experts were satisfied with the integration of different 
components of the indexing method, including speech grammar, the knowledge base, 
arranging symptoms in the array, and obtaining and sorting symptom IDs. 
Parameter 3 (Algorithm/Pseudocode): 

These algorithms were identified as highly effective in addressing the specific problem 
domain by 66% of IT/IS experts, while 34% believed that there was room to further optimize 
these algorithms. 
Phase 3 (Users/Patients Test): 

To test the indexing method, 34 users were voluntarily selected. The users provided 
different symptoms (selected from a given list) in Urdu and received specific medical 
prescriptions. The test results were shown in Table 6. According to Table 6, the outcomes of 
the test results for the 20 users whose input speech was successfully recognized were 100% 
satisfactory and matched the expert opinions. However, for 14 users, the system did not 
properly recognize the input speech. The system was unable to recognize their speech due to 
the users’ phonology and certain technical constraints. 

The evaluation and test results are evidence that the indexing method is reliable and 
most effective for speech-based medical diagnostic applications in Pakistani regional 
languages. The experimental prototype test results show that the outcome of this method, 
which is a medical prescription, is 100% matched by the medical expert’s evaluation results. 
However, the speech technology and noise may affect the performance of the indexing 
method. 

Table 6. Test Results 

Sno Symptoms input Results Match with the Medical 
expert evaluation result 

in phase 1 

1 Galay, sar, Cheenkana, 
naak Behna 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

2 
Sore Throat, Fever, 
Headache 

Augmentin 375 mg (1 tablet 
three times a day)  for 3 to 5 
days 

 

3 
Sore Throat, 
Headache, Sneezing 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

4 Sneezing, Discharge 
from the nose, 
Congested Nose 

Softin Tab 10mg (Once a day) 
for 5 days  

5 Sneezing, Discharge 
from the nose, 
Congested Nose 

Softin Tab 10mg (One a day) 
for 5 days  
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6 
Sore Throat, Fever, 
Headache 

Augmentin 375 mg (1 tablet 
three times a day)  for 3 to 5 
days 

 

7 Cough, Mucus Oseltamivir Tamiflu 75 mg ( 
twice daily for 5 days)  

8 Sneezing, Discharge 
from the nose, 
Congested Nose 

Softin Tab 10mg (Once a day) 
for 5 days  

9 Galay, sar, Cheenkana, 
naak Behna 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

10 
Sore Throat, 
Headache, Sneezing 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

11 Sneezing, Discharge 
from the nose, 
Congested Nose 

Softin Tab 10mg (One a day) 
for 5 days  

12 Cough, Mucus Oseltamivir Tamiflu 75 mg ( 
twice daily for 5 days)  

13 Sneezing, Discharge 
from the nose, 
Congested Nose 

Softin Tab 10mg (Once a day) 
for 5 days  

14 
Sore Throat, 
Headache, Sneezing 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

15 Cough, Mucus Oseltamivir Tamiflu 75 mg ( 
twice daily for 5 days)  

16 
Sore Throat, Fever, 
Headache 

Augmentin 375 mg (1 tablet 
three times a day)  for 3 to 5 
days 

 

17 
Sore Throat, 
Headache, Sneezing 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

18 Sneezing, Discharge 
from the nose, 
Congested Nose 

Softin Tab 10mg (Once a day) 
for 5 days  

19 Galay, sar, Cheenkana, 
naak Behna 

Arinac Tab 200mg/30mg (1 
tablet three times a day)  for 3 
to 5 days 

 

20 Cough, Mucus Oseltamivir Tamiflu 75 mg 
(twice daily for 5 days)  

Discussion: 
The findings of this study demonstrated that the proposed indexing method effectively 

integrated Urdu and regional-language speech recognition with a knowledge-based diagnostic 
framework. The evaluation conducted with medical professionals confirmed that the 
diagnostic tree and symptom–disease mappings were clinically appropriate, and the 
prescriptions generated by the system closely aligned with expert judgment. This reinforces 
the reliability of the underlying knowledge base and the diagnostic logic developed for the 
system. 
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The responses from IT/IS experts indicated that the overall system architecture—
particularly the combination of SRGS grammar, symptom parsing algorithms, and ID-based 
indexing—was technically sound and suitable for real-world deployment. Although some 
experts suggested further optimization of the algorithms, the system was generally assessed as 
efficient and correctly integrated across its functional components. 

User testing further highlighted the practical relevance of the proposed approach. The 
system successfully recognized symptoms for the majority of participants and provided 
accurate diagnostic outcomes when speech was correctly interpreted. However, recognition 
performance was affected by accent and phonological variations, especially among rural users. 
This limitation reflects the broader challenges of speech technology in multilingual 
environments and indicates the need for more extensive language modeling and noise-
handling mechanisms. 

Overall, the discussion affirms that the indexing method can serve as a viable 
foundation for voice-based diagnostic applications in Pakistan and similar regions. It bridges 
a critical gap by enabling illiterate or non-English-speaking individuals to access basic 
diagnostic services in their native language. Nonetheless, to enhance system robustness and 
scalability, future work should focus on expanding the symptom set, refining the speech-
recognition component, and deploying mobile-based real-time versions for wider adoption in 
rural and resource-constrained communities. 
Conclusions: 

The majority of existing medical diagnostic systems rely on the English language and 
use a text-oriented user interface for getting symptoms, which is why these systems are not 
effective in South Asian countries due to low literacy rates, a lack of technical skills, and an 
unawareness of English. The proposed method empowers the Pakistani nation to benefit from 
the knowledge-based medical diagnostic system through the voice-oriented user interface. The 
proposed method integrates the medical diagnostic knowledge base with a voice-oriented user 
interface that is based on Pakistani regional languages. Initially, the proposed method is 
evaluated on the Urdu language by integrating a speech-based user interface with a knowledge-
based medical diagnostic system. Nonetheless, the speech recognition technology, noise, and 
phonology of users might influence the execution of the indexing method. 
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