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Abstract

Background:

Artificial Intelligence (AI) is transforming medicine by enhancing diagnostic accuracy,
treatment planning, and patient monitoring through advanced data analysis[t1(2] [3].

We conducted a study at Narayana Health, Bangalore, to evaluate the utility of Machine
Learning (ML) models—specifically Random Forest (RF), Support Vector Machine (SVM), and
K-Nearest Neighbor (KNN)—in predicting and managing degenerative lumbar spine disease.
Objectives:

The aim of this study was to evaluate the potential of ML models in predicting and
determining the appropriate treatment for degenerative lumbar spine disease. Additionally,
we sought to explore how these models could assist neurosurgery and spinal surgery
residents in the decision-making process during outpatient evaluations.

Methods:

Using retrospective data from 92 patients with degenerative lumbar spine disease, we
identified 83 clinical and radiological parameters critical for preoperative evaluation. The
models were trained on this dataset and validated using 20 new prospective cases.
Assessment of treatment modalities—conservative management, surgical decompression, or
decompression with fusion—were conducted by nine medical professionals, including four
neuro-spinal surgeons and five neurosurgery residents.

Results:

RF and SVM models demonstrated superior accuracy, achieving 87.7%, significantly
outperforming the KNN model. These models accurately predicted treatment modalities and
outcomes, showing promise as decision-support tools.

Conclusions:

The RF and SVM models can complement clinical expertise and support training for spinal
surgery residents, enhancing their learning in decision-making for degenerative lumbar spine
disease. Future work will focus on expanding datasets, refining models, and exploring
advanced ML techniques to optimize their application in education and patient care.
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Key Message:

This study presents a machine learning model that accurately recommends appropriate treatments for
lumbar degenerative disc disease, serving as a decision-support tool for spine surgeons. It also provides a
valuable resource for resident doctors, enhancing their training and decision-making capabilities.

Introduction:

Degenerative lumbar spine disease, a leading cause of disability, represents a substantial
burden on healthcare systemsl4l. Clinical decision making about optimal management
strategies for people with degenerative lumbar disc disease is complex. Multiple clinical and
radiological factors are considered by the clinician to decide on surgery or conservative
approach. Given a clinical and imaging scenario, a surgeon would intuitively decide on the
management strategy- either surgical decompression with or without fusion or
conservative management- based on his knowledge and experience. Most often it is
subjective and not based on an algorithm or flow chart. Residents and surgeons in early
phases of their learning curve traditionally hone the skill of decision making by observing
senior surgeons making decisions during their residency and apprenticeship.

The process of decision making can be amplified by technology. Machine Learning (ML), a
subset of Artificial Intelligence, offers promising solutions by leveraging data-driven
approaches to analyse complex patient datasets. ML models can learn from experienced
surgeons’ decisions on multiple clinical scenarios and then suggest optimal treatment
modalities when presented with new data. We conducted a study to develop and validate
ML models to predict treatment strategies for degenerative lumbar spine disease, aiming to
support spinal surgeons and train resident doctors in decision-making processes.

Study Design:
We conducted a retrospective study using data from 92 patients treated at the Narayana
Institute of Neurosciences, Narayana Health, Bengaluru. Ethical approval was obtained from
the local ethics committee. Patient consent was waived off due to the anonymized nature of
the study. The cohort included 59 male and 33 female patients, all aged 18 years or older.
Below Table 1 summarizes the distribution of patients across age groups.

Table 1: Count of Patients by age group considered for developing Machine

Age Group Count
20-30 9
30-40 21
40-50 25
50-60 15
60-70 15
70-80 7

The study analysed patients treated conservatively (18 cases), with discectomy (45 cases),
and fusion surgery (29 cases). Cases of spinal instability, scoliosis, or non-lumbar issues
(e.g., cervical or thoracic conditions) were excluded. Clinical outcomes, including the
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Oswestry Disability Index (ODI) at two weeks and two months post-treatment, were
recorded.

Data Collection and Feature Selection:
Key factors influencing treatment decisions were identified in consultation with five
neurosurgeons from Narayana Institute of Neurosciences. These factors, categorized into
radiological, clinical, and post-operative outcome parameters, were classified as nominal,
ordinal, discrete, or continuous variables. The target variable was the predicted treatment
type: conservative management, surgery- discectomy, and surgery- discectomy with fusion.
Below Table 2 Provides the factors considered

Table 2: Factors Considered for Developing the Machine Learning Model

Variable Variable Sub List of Variables
Category Category
Qualitative Nominal Obese, Tone, Bulk, Tobacco Usage, Sedentary Job,

Sensory, Disk Degeneration, Ligamentum Flavum
Hypertrophy, Facetal Fluid Effusion, Disc
Osteophytes Presence
Ordinal Pain VAS Score, Oswestry Disability Index, Power
Hip, Power Knee, Power Ankle, Power EHL, DTR
Knee Jerk, DTR Ankle Jerk, Plantar, SLRT, PIVD,
Foramen Stenosis, Listhesis, Facetal Hypertrophy,

ODI Index
Quantitative Discrete Age, Weight, Symptomatic Period, Aggravation of
Symptoms Period
Continuous Canal Diameter

Learning Model:
The dataset underwent preprocessing to handle missing values, encode categorical
variables, and standardize continuous data. This step ensured compatibility with three ML
algorithms: Random Forest (RF), Support Vector Machine (SVM), and K-Nearest Neighbours
(KNN). The robust dataset allowed for accurate modelling and validation, forming the
foundation for developing decision-support tools tailored to the needs of spinal surgeons
and residents.

Artificial Intelligence-Based Prediction Model:

The machine learning model was developed using Python within the Narayana Health
Network domain. The model was trained using 92 retrospective data points. Three machine
learning models—Random Forest (RF), Support Vector Machine (SVM), and K-Nearest
Neighbor (KNN)—were implemented. These models were trained on 80% of the dataset,
with the remaining 20% used for validation. The models were evaluated based on their
ability to predict:
1. The need for surgery versus conservative treatment.
2. The specific surgical intervention (e.g., discectomy or fusion).
3. Post-operative recovery outcomes.
o Random Forest (RF): This ensemble learning method creates multiple decision

trees and aggregates their predictions for more robust results[16117],
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o Support Vector Machine (SVM): This model is used for binary classification,
separating patients based on their likelihood of requiring surgery versus conservative
managementl(16][17],

o K-Nearest Neighbor (KNN): A simple algorithm that classifies cases based on the
most similar past cases in the dataset.

Below Figure 1 shows the Python Program Output showing Accuracy obtained from Various

Machine Learning Models viz. Random Forest, KNN and SVM

Figure 1: Python Program Output showing Accuracy obtained from Various Machine
Learning Models viz. Random Forest, KNN and SVM

PS C:\Users\hsvsa\projnew\proj\model> train.py
Saving model...

RF model saved.

Saving model...

KNN model saved.

Saving model...

SVM model saved.

PS C:\Users\hsvsa\projnew\proj\model> app.py
RF Accuracy: ©6.8775518204881632

KNN Accuracy: ©.5714285714285714

SVM Accuracy: ©.8775510204081632

The optimal machine learning model was incorporated into a natively developed interactive
web application. This web application, developed within the Narayana Health Network
domain, allows spine surgeons to input data based on the prospective new patient record.
Below Figure 2 shows the Web Application Developed to Input Data of Prospective Patients
for Backend Model to Predict Treatment Type

Figure 2 : Web Application Developed to Input data of Prospective Patient for Backend
Model to Predict Treatment Type
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Results:

Based on the input of new patient prospective records, the machine learning model predicts
the required treatment type. The output is presented in pictorial form, aiding spinal
surgeons in making diagnostic decisions while providing a view of key factors. Below Figure

3 shows the Output from Machine Learning Model Predicting Treatment Type and
Pictorially Representing Key Factors for Diagnostic Decisions

Figure 3 : Output from Machine Learning Model predicting Treatment type and
Pictorially representing key factors for diagnosis decision
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knn

accuracy | 0.5714285714285714
prediction L4-L5 DISCECTOMY

rf

accuracy | 0.8775510204081632
prediction L4-L5 DISCECTOMY

Svin

accuracy | 0.8775510204081632
prediction L3-I4 L4-L5 DISCECTOMY

Additionally, a network diagram was generated to represent the treatment type based on
the model providing the highest accuracy. Below Figure 4 shows the Network Diagram from

Machine Learning Model Representing Treatment Type (Red Color Nodes Representing the
Right Path the Model predicted)

Figure 4: Network Diagram from Machine Learning Model representing the Treatment
Type(Red Color Nodes Representing the right path)

Recommen treatment
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To enhance the accuracy of the Machine Learning Model on continuous basis, an option was
also provided in the portal for spinal surgeons to update the model by inputting new data
records. This allows for continuous training of the machine learning model if the predicted
treatment doesn't align with the actual diagnosis or if a new case is encountered. Below
Figure 5 shows the Web Application to Input New Prospective Data for Machine Learning
Model to Learn New Data Points

Figure 5: Web Application to Input new Prospective data for Machine Learning Model to
learn new data points

Model Improvement

Please fill in details about your treatment.

What treatment was administered? | As predicted by model ~ |
Form data is included.

Treatment data is included.

| Submit |

The machine learning model demonstrated high accuracy in predicting spinal disease types
and recommending appropriate treatments. The evaluation metrics indicated that the
model could reliably assist spinal surgeons in making informed decisions, thereby
improving patient outcomes and providing a valuable resource for resident doctors,
enhancing their training and decision-making capabilities.

Prediction Accuracy:

The machine learning models were evaluated using three different algorithms. The best
performing model was then calibrated. Consistency between the model’s predicted
treatment type and the true observed treatment was noted. The accuracy observed for each
model was as follows:

. Random Forest and SVM Model: 87.7% accuracy.

. KNN Model: 57.1% accuracy.

Based on these results, it was decided to proceed with the Random Forest and SVM models
for prospective data prediction. Below Figure 6 shows the Accuracy of Various Machine
Learning Models

Figure 6: Accuracy of various Machine Learning Model
RF Accuracy: ©.877551e284©81632
KNN Accuracy: ©.5714285714285714

SVM Accuracy: ©.877551e204081632

Feature Importance:
Feature importance analysis in the RF model revealed that clinical and radiological factors,
such as disc degeneration, foramen stenosis, and VAS pain scores, were the most predictive
variables for determining surgical intervention and post-operative outcomes.
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Methodology:

CRISP-ML Methodology Applied to Random Forest Classification

The CRISP-ML (Cross-Industry Standard Process for Machine Learning) methodology
provides a structured approach to data science projects. The methodology’s key steps
aligned with the process followed in the Random Forest classification task:

1.

o

5.

Process Understanding:

Objective: The primary objective was to classify medical conditions related
to spinal treatments based on various patient features, enabling accurate prediction of
the type of spinal treatment required.

Data Understanding:

Data Exploration: The dataset contains features related to spinal conditions.
Preliminary exploration, including understanding the feature types and their
distributions, was conducted to prepare for the modeling phase.

Data Preparation:

Feature and Label Selection: The dataset was split into features (X) and
labels (Y). Features included various medical measurements, while the labels indicated
the type of spinal treatment(6-141,

Data Splitting: The data was split into training and testing sets with a 70-30
ratio to ensure that the model had sufficient data to learn from while retaining a portion
for evaluation.

Modeling:

Model Selection: A RandomForestClassifier from the sklearn library was
chosen due to its robustness in handling complex datasets with multiple features.

Model Training: The Random Forest model was trained (fit) on the training
data (X_train, Y_train), learning patterns that distinguish between different types of
spinal treatments.

Evaluation:

Below Table 3 provides the Evaluation Parameters for Machine Learning Model Developed

Table 3: Evaluation Parameters for Machine Learning Model Developed

Evaluation Algorithm
Parameters Random Forest Classification K- Nearest Neighbor (KNN)
(RFC)
Accuracy 87.7% indicates a high level of 57.1% indicates a significantly
correct predictions from all test lower level of correct
samples. The model is performing predictions. The model is
well. underperforming compared to
RFC.
Model Complexity Complexity is high, due to the Complexity is low, as distance

ensemble of decision trees.
Advantages: Handles complex
relationships and interactions in
the data. Less prone to overfitting
compared to single decision trees.

metrics are used to classify
new instances.
Advantages: Simple and
intuitive, but performance
heavily relies on the choice of k
and can degrade with high-
dimensional data.
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Scalability

Scales are better with larger
datasets due to the parallel
processing of decision trees.
Handles high-dimensional data
effectively

Can be slow with large
datasets, as it needs to
compute distances to all
training instances for every
prediction. Performance can

degrade with a large number of
features.

Feature Importance Provides feature importance
scores, which can be useful for
understanding which features are
contributing the most to the

predictions.

Does not provide feature
importance directly. It treats
all features equally without
weighting them.

Evaluation Summary:

The Random Forest Classifier outperforms K-Nearest Neighbor by achieving a high accuracy
of 87.7%. It is more robust for complex classification tasks and handles high-dimensional
data better. Additionally, it provides feature importance, which can be insightful. On the
other hand, KNN shows lower accuracy (57.1%) and may not be as effective for this dataset,
especially with high-dimensional data.

6. Deployment:

The trained model is deployed to predict spinal treatment types for new patients. The
model’s high accuracy indicates it can be reliably used in a clinical setting to assist spinal
surgeons in decision-making.

Limitations and Areas for Further Improvement in the Machine Learning Model:
The following areas of improvement were identified for future enhancements:

o The Oswestry Low Back Disability Index was not captured for retrospective
data prior to the start of treatment.

o The prediction model does not consider instability and scoliosis cases.

o The machine learning model is based on only 92 retrospective data points.

The accuracy of the model will improve as more data points are added and the model is
further trained.

o Currently, only MRI data has been considered; inputs from X-ray and CT
scan have not been included.

o Clinical data from nerve conductivity tests, such as EMG and ENMG, have not
been considered.

o Further recommendations for conservative treatment (e.g., rest, nerve root

block, or physiotherapy) and the type of physiotherapy are not captured.

To enhance the productivity of spinal surgeons, the ease of usage and integration of
radiological and clinical data should be improved. This would eliminate the need for
surgeons to manually input data and provide a comprehensive view to enable them to
diagnose more preoperative cases. A schematic representation of such an architecture was
prepared. Below Figure 7 shows an Architecture Model for Future Development to Integrate
DICOM Software, OPD Sheet Clinical Data Software, and Patient App on Post-Operative
Conditions
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Figure 7: Architecture Model for future development to Integrate DICOM Software, OPD
Sheet Clinical Data Software and Patient App on Post Operative Conditions

Architecture for Integration
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Discussion:
. Al and Machine Learning in Spinal Surgery:

The application of Al in spinal surgery, though relatively new, holds immense potential. The
accuracy achieved by the Random Forest and SVM models demonstrates the ability of
machine learning to support clinical decision-making. This study aligns with previous
research, confirming that Al can assist in predicting spinal surgery outcomes with high
accuracy.

. Comparison of Machine Learning Algorithms(13I;

Random Forest, a robust ensemble method, outperformed KNN, an algorithm more suited
for smaller datasets. SVM, effective for binary classification tasks, performed similarly to RF
in this dataset, demonstrating its utility in clinical prediction tasks.

. Limited Memory Al in Clinical Practice:

The models used in this study represent Limited Memory Al, which utilizes historical data
to make informed decisions. Feedback from real-world clinical applications allows these
models to adapt to evolving clinical scenarios, a key feature of Limited Memory Al.

o Challenges and Future Directions:

While Al offers exciting prospects, challenges remain, including the need for large, diverse
datasets, concerns about algorithmic bias, and integration into clinical workflows. Future
studies should focus on refining these models and validating them in larger, multicentric
datasets.

o Learning from Other Healthcare Segments
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Some of Al Applications in Other Healthcare segments which have gained popularity are
detection and diagnosis®l, treatment, as well as outcome predictionl*l and prognosis
evaluation. Some of examples are Al Solutions for cervical cancer screeningl®l, Al solution to
identify eye disease signsl’l, Al Solutions for stomach cancer detectionl®l and Accurate
diagnosis of pediatric diseases!8l. Also Enthusiasm for applications of Al in healthcare has
continued to grow, with early successes involving Chatbots, diagnostic tools, and
radiological image analysis!®l. Such studies can be of good Input for Al Application in spinal
cases. Al can provide valuable support in clinical decision-making, surgical planning, and
postoperative care, thus reducing variability(19l in outcomes and enhancing surgical
precision(11][12],

Conclusion:

The CRISP-DM methodology applied to Random Forest classification led to the successful
development of a predictive model with high accuracy. This model can enhance clinical
decision-making, potentially improving patient outcomes in spinal treatments. Al,
particularly ML models like Random Forest and SVM, holds significant promise in
improving outcomes for spinal surgery patients. By offering personalized treatment
recommendations based on clinical and radiological data, Al can support clinicians in
making informed decisions and optimizing surgical outcomes.

Further research and validation are needed to fully integrate Al into routine spinal surgery
practices. This model also represents a significant step towards addressing the shortage of
spine surgeons in India. By providing data-driven insights, it can reduce spinal surgery
failure rates and improve overall patient care. Future work will focus on expanding the
dataset, enhancing usability, integrating data, improving model accuracy, and exploring
additional machine learning techniques.

Appendix
Factors considered for Machine Learning Model with definitions are listed in

Below Table 4

Table 4: Definition of Various Factors considered for developing Machine Learning

Model

Field Definition

PID Patient ID

AGE Patient Age

WEIGHT Weight of Patient
OBESE Obesity was considered as. a BMI greater than or equal to
30.
H/O TOBACCO USAGE Patient Tobacco Usage

SEDENTARY/STRESSFUL JOB Work that involves sitting down for most of the day. Any

standing or walking is limited to two hours

Patients pain measured on a scale of 10cmno pain (0-4
PAIN VAS SCORE mm), mild pain(5-44 mm), moderate pain (45-74 mm),
and severe pain (75-100 mm)Worst Possible Pain-10
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OSWESTRY DISABILITY INDEX

OSWESTRY DISABILITY INDEX [18]

1 No Disability or Mild disability- Patient can cope
with most living or experiences pain with sitting,
lifting and standing,
2-Moderate Disability-Pain remains main problem
and daily living affected,
3-Severe disability-Pain Impinges on all aspects of
patient life and patient is bed bound

Tone-resistance to passive stretch; The tension in

TONE the relaxed muscle” or “the resistance, observed
Bulk is the maximum thickness of muscle group
BULK . . :
measured at anatomically defined points.
SYMPTOMATIC PERIOD Total duration of symptoms prior to intervention

measured of Months

AGGREVATION OF SYMPTOMS

Number of Months back from when the Symptoms
have aggreviated. Treat 1 to 4 week as 1 Month

MUSCLE POWER

Assessment of Patients muscle strength according
to MRC Grading [19]
0 - complete paralysis
1 - flicker of contraction possible
2 - movement is possible when gravity is excluded
3 - movement is possible against gravity
4 - movement is possible against gravity with
moderate resistance
4+- movement is possible against gravity with
moderate to strong resistance
5 - normal power-movement against gravity with
strong resistance

DEEP TENDON
REFLEX [20]

Deep Tendon reflex if totally absent is absent; If
Reflex is small, less than normal, or a response
brought out only with reinforcement is treated as
Sluggish; Reflexes normal is treated as Normal

SENSORY

Hypoesthesia-any amount reduced perception of a
particular deramatome to mechanical stimuli

STRATIGHT LEG RISING TEST (211

If the patient experiences pain radiating down the
leg (radiculopathy), when the straight leg is at an
angle of between 30 and 70 degrees, then the test
is positive and a herniated disk is a possible cause
of the pain. Less than 30 and more than 70 degrees
is treated as InSignificant

DEGENERATIVE DISC CHANGESM5]

According to Pfirrmann grading [22] system Grade 3
to Grade 5 was considered significant

POSTERIOR INTERVERTEBRAL DISC
PROLAPSE5]

Normal is N,
Bulge- Diffuse outpouching of disc/annulus
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Whereas protrusion,extrusion and sequstration
were all grouped together as significant changes.

CANAL LENGTH_ Diameter of Vertebral canal at particular disc level

According to LEE system!23] of classification Grade
0 and Grade 1 was considered normal/acceptable
and Grade 3 to Grade 5 were considered to be
significantly affected

NEURAL FORAMINAL STENOSIS

Ratio of the overhanging part of the superior
vertebral body to the anteroposterior length of the
adjacent inferior vertebral body.Accoding to

LISTHESIS GRADE Mayerding classification system [241 Grade 0 and
Grade 1 were considered normal/insignificant.
Grade 3 to Gade 5 were considered as significant
pathology.

Enlargement or thickening of the Ligamentum
flavum in the spine of size more than 4 mm was
considered as significant issue.

LIGAMENTUM FLAVUM
HYPERTROPHY

Accoding to Weishaup system [25 of
FACETAL HYPERTROPHY classssification Grade 2 and Grade 3 were
considered to be significant degeneration.

Series of bone spurs develop on multiple vertebrae,
compressing the intervertebral discs and exerting
pressure on the nerve roots or even the spinal
cord. If found was considered significant.

DISC OSTEOPHYTES
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