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Abstract

Objective This study evaluates Diabetology.co.in, an innovative algorithm-driven prescription system developed for per-
sonalized and precision treatment of treatment-naive patients with type 2 diabetes. It focuses on integrating computational
medicine with clinical practice, leveraging artificial intelligence for optimized diabetes management.

Methods A retrospective pilot study was conducted at a tertiary multispeciality hospital, assessing Diabetology.co.in’s alpha
version. Data from the last fifty adult patients with type 2 diabetes from the outpatient Endocrinology OPD were analyzed.
These patients were treatment-naive, excluding pregnant women and those with positive insulin antibodies or glucocorticoid
use. Data, including clinical and laboratory parameters, were manually input into the system, which then generated evidence-
based prescription recommendations using its algorithmic processing.

Results The system processed data from 50 patients, with an average age of 41.9 years and a 40% female demographic. The
application effectively utilized inputs like body mass index, glomerular filtration rate, and HbAlc levels to generate pre-
scriptions. Metformin was universally recommended, with insulin prescribed for half of the patients, and SGLT?2 inhibitors
for 30%. The software’s suggestions showed a significant match with actual clinical prescriptions, indicating its accuracy
and potential in aiding clinical decision-making. Notably, the software identified an overprescription tendency in clinician
practices and provided insights into patient profiles through advanced data analysis capabilities, such as correlations between
triglyceride levels and BMI.

Conclusion Diabetology.co.in demonstrated high efficacy in generating precise and personalized treatment recommendations
for newly diagnosed type 2 diabetes patients. It aligns closely with actual clinical prescriptions, showcasing its potential in
reducing overprescription and contributing to evidence-based diabetes care.

Keywords Personalized medicine - Type 2 diabetes - Algorithm-driven prescription - Precision medicine - Evidence-based
care

Introduction data. However, as the medical landscape evolves, there is

an increasing emphasis on precision medicine, personal-

Type 2 diabetes has traditionally been managed using a
generalized approach, relying largely on clinicians’ judg-
ments and mental assessments of clinical and laboratory
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ized treatment, and evidence-based decision-making. While
precision medicine seeks to offer individualized treatments
based on unique patient factors, there is a notable absence
of software applications in India that provide this level of
tailored prescription support. Recognizing this gap and the
potential of algorithm-driven decision-making, we intro-
duced Diabetology.co.in. This is the world’s first algorithm
driven prescription system dedicated to treatment naive
patients with type 2 diabetes. By harnessing the power
of artificial intelligence and cluster classification studies,
which identify specific patient subgroups with diverse
treatment needs, our system aims to revolutionize diabetes
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Fig. 1 This is the first screen of

the application in which the cli- Enter the patient's names or initials
nician enters the name, medical
record number and other details abc

regarding the patient

Enter the patient's identification number or medical records number

ad

What type of patient is this?

Newly diagnosed diabetes

Name of the referring doctor

Submit

Fig.2 This is the main screen 4 o o
dnemicinnwnnce  Diabetology.co.in Multiple modules
clinician enters all the patient

data. The variables we have col- for newly diagnosed patient

lected are mentioned in Table 1

Welcome to Diabetology.co.in

Patient biodata and history

Enter the age of the patient:

40 - o+

Select the gender of the patient

MALE N%

Tick here if the patient has osmotic symptoms ?

Click here to understand what we mean by 'Osmotic symptoms' v
Is the patient a smoker?
Select v
Does the patient have a prior history of ASCVD?
Select 7
Does the patient have a prior history of Pancreatitits?
v

Select
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Fig.3 On clicking the button,
the application shows a set

of recommendations for the
patient which are useful for the
clinician

Get Recommendation

# Does the patient need insulin ?
The patient may need insulin
DKD category

eGFRis: 78.0
DKD catergory: G2, Normal

Patient is NOT a candidate for Finerenone therapy
v CV risk reduction category

Is statin required ? High intensity statin
Which statin to give ? Rosuvastatin = 20-40mg ; Atorvastatin 40-80 mg

What should be the LDL target ? 50

BP lowering medications not required at present

&% Diabetes remission

Patient is NOT a potential candidate for diabetes remission

management by integrating computational medicine into
daily outpatient practices. While the system’s development
has recently been completed, it currently operates in an
alpha version, intended exclusively for the internal use of
the clinician-developer (author 1).

The primary objective of this study was to alpha-test the
system, evaluating the accuracy and relevance of the out-
puts generated when applied to retrospective data from adult,
non-pregnant patients treatment naive with type 2 diabetes
who visited the outpatient Endocrinology OPD. The second-
ary objective was to analyze the clinical profile of newly
diagnosed patients with type 2 diabetes visiting the OPD
and generate some possible insights.

Materials and Methods
Study design

This research was designed as a retrospective, sin-
gle-center pilot study to evaluate the functioning of

Diabetology.co.in, an online Algorithm-based personal-
ized and precision medicine system developed to generate
evidence-based prescriptions for treatment naive patients
with type 2 diabetes. The platform, currently in its alpha
version, was assessed for its feasibility and the precision
of its generated outputs.

Inclusion and exclusion criteria

The study included anonymous data from the last fifty
treatment-naive adult patients with type 2 diabetes,
sourced from the outpatient Endocrinology OPD of a
tertiary multispeciality hospital in the last 6 months.
Data of pregnant women those having insulin antibod-
ies positive (Any of the following- GADG6S5, TAA, TA-2
and/or ZnT-8) and those on glucorticoids were excluded
from the study.
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Fig.4 Then the application
goes on to show the medications
it has recommended and the
reasons for the recommendation
of each

Q\, Medications

Treatment 1: Rosuvastatin

Explanation:

1. Considering the CV risk of the patient statin is indicated

2. High intensity statin. The algorithm has chosen the appopriate dose for Rosuvastatin in this case.

3. Whatshould be the LDL target ? 50

4. Rosuvastatin would be the best for this patient.

Treatment 2: Basal insulin

Explanation:

Insulin is indicated in a newly diagnosed patient with diabetes in following situations

1. HBAlc>=10

2. Any blood glucose > 400 mg/dl

3. FBS>200 & Post-meal glucose >300 mg/dl

4. Insulin antibody positive

5. Patient having osmotic symptoms

6. Patient having evidence of ketosis

Basal insulin is preferred to Premixed insulin as initial insulin in following circumstances:

Data collection

The data of the last 50 patients who matched the inclusion
and exclusion criteria were extracted from the existing EMR
and were manually entered in the Diabetology.co.in system.
The system generated the final prescription from the data
collected. Both the input variables entered and the output
variables generated were captured by the system.

Software design

Figures 1, 2, 3, 4, 5, 6, and 7 illustrate how the application
works. Figure 8 illustrates the application's usage procedure
and the flow of its algorithm.

Variables

The input variables collected are enlisted in Table 1.

@ Springer

Experimental procedure

The Body Mass Index (BMI) of patients was determined
using their weight (in kilograms) and height (in meters) with
the formula: BMI} = weight (kg) divided by height (m) [2].
The obesity criteria were determined based on the published
cut-off for Asians [1].

The estimated glomerular filtration rate (¢GFR) was com-
puted using the CKD-EPI equation [2]. Cardiovascular risk
stratification was done using American College of Cardiology
ASCVD risk score [3]. The cluster classification was done
using Anjana et al. data for diabetes clusters in Indian popu-
lation [4]. Diabetes remission criteria were generated using
proprietary diabetes remission risk score which is developed
based on existing data set on the topic [5]. The mixed-meal
stimulation score is based on our unpublished mixed-meal
calculator developed from existing data-set and validated in
small internal study. The starting dose of basal insulin was
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Fig.5 The Prescription page
allows the clinician to make
changes to the medication rec-
ommended by the application

determined using Hollman-Turner formula formula based on

(9

Q

Prescription Page

Prescription

Entry1
Serial Number:

1

Medication:

Tablet Rosuvastatin

Brand Name:

Dose:

20 mg

Frequency:

To be taken once a day at bedtime

Duration of Treatment:

Treat-to-target study [6]. Fib-4 score was calculated using the

formula given by Sterling et al. [7]. The standard treatment
recommendation as based on American diabetes association
standards of care 2023 [8]. The chronic kidney status was

determined as per the KDIGO guidelines [9].

Fig.6 This shows the final
prescription as recommended
by the application. The clinician
has the option to keep add more
medications to the system if
required

Serial Number

Changes saved.

Add more medicines

Finalize treatment

Statistical analysis

The primary objective of this study was to alpha-test the dia-
betes medication treatment generated by the application and
its algorithm. The results produced were then compared to

the medications prescribed by author 1 to the same patient.

Medication
Tablet Rosuvastatin

Insulin Degludec

TABLET METFORMIN (SR/ER/XR preparation)

TABLET GLICLAZIDE EXTENDED RELEASE

METHYLCOBALAMIN

Brand Nan

ne

Dose
20mg
18 units
1lgram
60 mg

1000 mcg

Frequency

To be taken once.
Start once a day a
Once a day afterk
Once a day 30 mir

Once a day after li
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Fig.7 This shows the final
prescription with all the medi-
cations included and also the
method in which the medication
can be taken. The instructions
can be changed to several local
Indian languages

Prescription
Patient Name: abc
Age: 40

Gender: MALE

. L X Medication Duration
Serial Medication (Generic
(Brand Dose Frequency of
Number name)
name) Treatment
. 20 To be taken once
1 Tablet Rosuvastatin )
mg a day at bedtime
Start once a day
at 10 pm.
. 18 Degludec can
2 Insulin Degludec . o
units have flexiblity in
administration in
terms of time
TABLET METFORMIN
1 Once a day after
3 (SR/ER/XR
. gram breakfast
preparation)
Once a day 30
TABLET GLICLAZIDE 60 )
4 minutes after
EXTENDED RELEASE mg
breakfast

The secondary aim was to examine the profiles of newly
diagnosed type 2 diabetes patients visiting the endocri-
nology outpatient clinic. Parametric data is presented as
mean + standard deviation, while nonparametric data is
shown as median with interquartile range.

Data analysis was conducted using the OpenAl ChatGPT
Advanced Data Analysis 2023 (Beta version).

Results

We entered the data of the last 50 newly diagnosed patients
with type 2 diabetes who attended the OPD. The average age
of the patients was 41.9 years + 14.2 and 40% of them were
female. Just one of the 50 patients presented with osmotic
symptoms at the time of presentation. Thirty percent of
the patient had painful neuropathy at the time of presen-
tation. None of them had retinopathy at baseline. There
were no patients having a prior history of pancreatititis,

@ Springer

cardiovascular disease, or gastroparesis. None of the patients
had a personal or family history of medullary thyroid carci-
noma. Two of the patients were smokers.

The application has a personalization that adjusts the
treatment based on income of the patient, the preference for
oral versus injectable, pill burden etc. Forty percent of the
patient was in the high income group, 50% from the mid-
income, and 10% from the low income group. (No specific
data was used for inferring the income and it was based on
the clinician's assessment).

The mean weight of the patient was 87 kg +21.5 and the
mean BMI was 31.5 kg/m2 +7.28. Forty percent were classi-
fied as having class III Obesity and three had class II obesity.
Twenty percent were overweight. We failed to capture the
waist circumference in our patients; hence, the data was not
added to the software.

We had failed to capture some key data at the time of the
patient initial evaluation. For example, the HDL-C level was
not recorded for a large number of the patients. While the
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User inputs variables

Precision medicine engine

Personalization filter

Output generated based on the algorithm

User may modify treatment

Final prescription generated

Fig.8 The figure shows the basic of the algorithm used in the appli-
cation

ALT values were recorded, AST and platelet counts were not
recorded in many of the patients and hence the Fib-4 score
could not be calculated. Table 2 shows the analysis of the
laboratory data of the patients.

The mean HBAlc at the time of presentation in our
patients was 9.29% +2.21. The highest HBAlc was 13% at
the time of first presentation.

One of the patient had a recent dengue infection and had
an abnormally high ALT level. Since this was an outlier, the
data was removed and the ALT mean values were calculated
from the remaining patients.

Twenty percent of the patients were perceived to have
high cardiovascular risk. However, statin was indicated in
all patients. Fifty percent of the patients were suggested to
require high intensity statin and the other needing moder-
ate intensity statin. None of the patient has retinopathy at
the time of presentation. Ten percent patient had painful
diabetic neuropathy. Ten percent of the patients has diabetic
kidney disease status in G2A1 category and 10% patient had

diabetic kidney disease in G1A2 category. The rest has DKD
status of G1Al.

Output from the software

Metformin was the most recommended medicine by the
software and was recommended to all patients. Insulin was
recommended to 50% patients. Interestingly, all were recom-
mended to start premixed insulin by the software. SGLT2
inhibitors was recommended to 30% of the patients while
acarbose was recommended to thirty. Ten percent of the
patients was recommended GLP-1 Receptor agonist. It is
interestingly to note that none of the patients were recom-
mended DPP-1V as the initial treatment by the software.

We compared the output from the software with the actual
medication prescribed by us. The average number of medi-
cines that matched between the software suggestion and the
actual prescription is approximately 2.1. On average, there
are 0.3 medicines suggested by the software but not pre-
scribed, and 1.2 medicines prescribed but not suggested by
the software.

In 20% of the treatments, all medicines suggested by the
software matched those that were actually prescribed. In
80% of the treatments, there was a partial match between the
medicines suggested and those prescribed. There were no
treatments where none of the suggested medicines matched
the prescribed ones.

We used the Open AI ChatGPT tool to perform some
deep analysis which could be missed by us on preliminary
statistical analysis. The software found that there was a posi-
tive correlation between triglyceride levels and BMI, imply-
ing that as BMI increases, triglyceride levels might increase.
The urine albumin/creatinine ratio (UACR) positively corre-
lated with height. This was an interesting finding that needs
to be looked at further with larger dataset and analysis.

Discussion

Alpha testing is an early phase of the software testing pro-
cess where the software is tested in-house by the devel-
opment team or by a specialized testing team within the
organization. The primary objective of alpha testing is to
identify all possible issues and bugs before releasing the
software to beta testing or to the public [10]. This study
was an alpha-test to check for functionality and accuracy
of Diabetology.co.in which is a novel personalized and
precision medicine system developed by us.

The application takes input from the user in form of clini-
cal, laboratory, and personalized data and generates a pre-
scription. We used the application restrospectively in fifty
patients with newly diagnosed type 2 diabetes. The applica-
tion worked as expected without any glitches.
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Table 1 Note: This data is mandatory. Please provide

Table 1 A Biodata and history

Question/data collected Options/type

Age of the patient Number input (0-120)

Gender Male, Female

Is the patient pregnant? (If female and age < 50) Checkbox

Does the patient have osmotic symptoms? Checkbox

Is the patient a smoker? Yes, No, Select

Prior history of ASCVD Yes, No, Select

Prior history of Pancreatitis Yes, No, Select

Prior history or family history of Medullary thyroid carcinoma Yes, No, Select

Symptoms of severe gastroparesis Yes, No, Select

Symptoms of Genitourinary tract infection Yes, No, Select

Family history of early ASCVD Yes, No, Select

Evidence of heart failure Yes, No, Select

Is the patient on glucocorticoids? Checkbox

Cognitive status (if age > 65) Normal, Mild-to-moderate, Moderate-to-severe
cognitive impairment

Life expectancy (if age > 65) Longer, Intermediate, Limited life-expectancy

Chronic diseases (if age > 65) None/Few, Multiple, End-stage-chronic disease

Symptoms of painful diabetic neuropathy

Table 1 B Clinical examination

Question/data collected

Systolic BP

Diastolic BP

Medication for lowering BP

On the maximum dose of ACEi/ARB (if on BP medication)
Weight (in kg)

Height (in cm)

Waist circumference

Retinopathy

Presence of macular edema (if retinopathy is present)
Table 1 C Lab parameters

Question/data collected

Serum triglycerides

Yes, No, Select

Options/type

Number input
Number input

Yes, No, Select
Checkbox

Number input
Number input
Number input

Yes, No, Not Checked
Checkbox

Options/type
Number input

HDL cholesterol Number input
LDL cholesterol Number input
Presence of ketosis Checkbox
Positive insulin antibody (e.g., GAD Antibody) Checkbox

Fasting blood glucose level
Postprandial 2-h blood glucose level
HBAIc level

C peptide fasting

C peptide stimulated

Random C-peptide

Simultaneous glucose value with random c-peptide
S. Creat

UACR

Serum potassium

Table 1 D Liver parameters
Question/data collected

AST value (SGOT)

Number input
Number input
Number input
Number input
Number input
Number input

Number input (if random C-peptide >0.0)

Number input
Number input
Number input

Options/type
Number input
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Table 1 (continued)

ALT value (SGPT)

Platelet value

Table 1 E Personalization filter
Question/data collected
Income status

Openness to taking injectables
Openness to large pill burden
Heaviest meal of the day
Presence of shift duties

Number input
Number input

Options/type

Low, Mid, High income
Yes, No

Yes, No

Breakfast, Lunch, Dinner
Yes, No

Table 1A: Biodata and History encompasses patient demographic details, health history, and lifestyle factors such as age, gender, pregnancy

status, smoking habits, and history of specific diseases

Table 1B: Clinical Examination captures physical examination data including blood pressure measurements, body metrics, and the presence of

retinopathy

Table 1C: Lab Parameters details biochemical tests like serum lipid levels, glucose levels, and other metabolic markers

Table 1D: Liver Parameters focuses on liver function tests including AST, ALT, and platelet counts

Table 1E: Personalization Filter gathers information on socio-economic status, patient preferences regarding treatment modalities, and other

lifestyle factors that may influence treatment plans

On entering the data, the first thing we realized was that
there are many data points that are generally missed by us
during routine collection which may be useful for mak-
ing the right decision and making calculations based on
established formulae in patients with type 2 diabetes. For
example, we failed to collect the platelet count values and
SGOT values because of which we were unable to calculate
the Fib-4 score and get treatment optimized from a NASH/
NAFLD perspective. Similarly, we failed to collect waist
circumference of our patients and hence could not get the
correct cluster classification of our patients based on the
study by Anjana et al.

Despite this, the application is able to give a treatment
recommendation based on entering just two essential
parameter, HBAlc and Serum creatinine. However, the
accuracy of the treatment decision improves with addi-
tion of more data. In almost 100% of cases, the treatment
for diabetes matched the treatment recommended by us.
There was an exact match in 20% cases and partial match
in 80% of cases.

Interestingly, in most cases in which there was a partial
match, we prescribed more medication than that recom-
mended by the software. Hence, it can be concluded that
the software could potential check overprescription from
our side.

In all patients that we prescribed insulin, the use of insu-
lin was recommended by the software application as well. In
all cases recommended insulin therapy in newly diagnosed
type 2 diabetes patients, premixed/co-formulation insulin
was the first choice which aligns with the frequent practice
of insulin prescription based in India [11].

The most common medicines that were suggested by
the software but not prescribed by us included SGLT2

Table2 The mean and standard deviation of lab parameters collected
for the patients

Lab parameter Mean Std deviation Units
Triglycerides 218.4 52.0 mg/dL
LDL 130.0 27.7 mg/dL
FBG 190.1 79.5 mg/dL
PP2BG 301.8 113.3 mg/dL
HbAlc 9.29 2.21 %
Creat 0.738 0.176 mg/dL
UACR 16.3 12.43 mg/g
Potassium 4.7 0.625 mEq/L
ALT (Updated) 37.0 13.34 U/L

LDL low density lipoprotein, FBS fasting blood glucose, PP2BS post-
prandial blood glucose, uacr urine albumin/creat ratio (UACR), Creat
serum creatinine, ALT alanine aminotransferase

inhibitor. The most common medicines that were pre-
scribed by us but not suggested by the software included
DPP-1V inhibitor and acarbose. This could suggest a
potential bias in our prescription methodology.

Although we had a small dataset, we did perform a pro-
file analysis of the fifty newly diagnosed patients whose
data we entered into the platform. The analysis was made
particular easy by the inbuilt OpenAl-based ChatBot sys-
tem. The use of this feature could help physicians gain
deeper insights into their own prescription practices,
biases, and potential data correlation which could be used
for future prescriptions. The mean BMI of our patient
(31.5 kg/m2 +7.28) was higher than that reported in other
studies from India. Additionally, the mean HbAlc at the
time of presentation in our dataset was higher than that
reported by other studies (9.29% +2.21) [12]. Our practice
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is in a more urban affluent setting and this could be the
reason for the difference in these parameters.

The Al-based data-analysis found correlation between
BMI and triglyceride which has been previously well estab-
lished. However, it found a positive correlation between
the urine albumin/creat ratio (UACR) and the height of the
patient. This an interesting finding which needs to be looked
at closer in larger studies in future.

To our knowledge, no other software application is capa-
ble of generating detailed treatment recommendations while
considering multiple parameters, compelling indications,
and patients’ personal preferences. The application we
are developing has the potential to revolutionize diabetes
treatment based on an evidence-based precision medicine
approach.

Conclusion

To conclude, the Diabetology.co.in was accurate in sug-
gesting treatment recommendation for newly diagnosed
patients with type 2 diabetes mellitus. In all patients,
there was a partial or complete match with the prescrip-
tion given by us vis-a-vis as suggested by the application.
The application has potential for reducing over prescrip-
tion of medications and also reveal any intrinsic bias a
clinician may have towards treatment. The output and
tables generated from the application have potential to
be used in clinical research for deeper insights into our
patient data.
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