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THE CLINICAL CHALLENGE: COMPLEX BIOMARKERS & SYSTEMIC IMPACT

THE PHYSIOLOGICAL IMPACT THE DIAGNOSTIC CHALLENGE
/ METABOLISM TSH l G
TSH: 4.5 miU/L Ref: 0.4 - 4.0 miU/L
A
7 T3 o | |
RIS CILAR T3: 1.0 ng/dL Ref: 0.8 - 2.0 ng/dL
FUNCTION
T T4 } o
A T4: 11.8 meg/dL Ref: 4.5 - 12.0 mcg/dL
THERMOREGULATION

The thyroid requlates critical biclogical activities. Dysfunction

(hypothyroidism/hyperthyroidism) cascades into severe metabolic
and cardiovascular complications.

Diagnosis relies on complex, interconnected laboratory biomarkers
(TSH, T3, T4). Evaluating these in isolation is insufficient,

especially when values approach borderline diagnostic thresholds.

& NotebookLM



THE “BLACK BOX” PARADOX IN CLINICAL Al

INPUT THE BLACK BOX CLINICAL REJECTION

HIGH ACCURACY.

CURRENT ML MODELS | ZERO TRANSPARENCY
(Neural Networks, SVMs) '

Current machine learning models demonstrate remarkable predictive accuracy but fail to translate into clinical practice. Why?
They operate as opaque systems, generating classifications without the clinical reasoning required to build physician trust.
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STUDY NAME

ATA Guidelines

High-Performance
Medicine

UCI ML Repository

Clinical DSS Review

Subclinical Thyroid
Disease

AUTHOR (DATE)

Ross et al. (2016)

Topol (2019)

Dua & Graff
(2019)

Sutton et al.
(2020)

Biondi & Cappola
(2021)

METHOD KEY CONTRIBUTION
Ctip|cql <= Standardized orotocols
guidelines protocols

Conceptual -+= Emphasized Al/Human
framework integration

Structured -+= Benchmark for

dataset classification

Literature -= Highlighted

review usability/interpretability

Clinical review

=

<= Comprehensive

dysfunction insight

IDENTIFIED LIMITATION

A No automated
prediction

A No specific predictive
model

A Lacks clinical
context

A No ML
implementation

A No computational
modeling



STUDY NAME

Deep Learning in
Healthcare

ML Challenges in
Healthcare

Deep Learning Review

ML for Thyroid
Prediction

Al in Healthcare
Review

AUTHOR (DATE)

Esteva et al.
(2021)

Sendak et al.
(2021)

Miotto et al.
(2021)

Islam et al.
(2022)

Jiang et al.
(2022)

METHOD

DL Models
(Imaging)

Analytical
review

Literature
review

UCI dataset,
ML models

Review-based
analysis

KEY CONTRIBUTION

-~ Strong disease
detection

- |dentified usability/
reliability issues

- Integration of multiple
data sources

-+= Strong classification
using lab data

-+~ Highlighted clinical Al
integration

IDENTIFIED LIMITATION

A Limited to structured
lab data

A No disease-specific
framework

A Interpretability
remains limited

A\ Focuses mainly on
accuracy

A No technical
framework



STUDY NAME

Machine Learning in
Medicine

ML Comparative
Analysis

Advances in Thyroid
Diagnosis

ML in Endocrine
Diseases

Al in Endocrine
Prediction

AUTHOR (DATE)

Rajkomar et al.
(2022)

Alshamrani et al.
(2023)

Chiovato et al.
(2023)

Shen et al.
(2023)

Khan et al.
(2024)

METHOD

Review of ML

Structured
dataset/ML

Clinical
review

Systematic
review

Comparative
ML models

KEY CONTRIBUTION

4~ Emphasized clinical
trust

- Effectiveness of ML
algorithms

-~ Importance of
combining lab/clinical

-+~ Identified ML trends

-+ Showed Al potential

IDENTIFIED LIMITATION

A No implementation
methods

A Relies on lab
features; black box

4\ No predictive
modeling

A Limited
interpretability focus

A Limited clinical
usability
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Y-Axis Predictive Accuracy (Low to High)
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R D@ic | [/ The Research Gap
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(Representing studies like I

, (Proposed Thesis
Islam, Alshamrani, Khan) L : -

\  Domain)

! Manual Clinical |
1 Guidelines :

(Representing studies like
Ross, Biondi, Chiovato)

i

Existing models force a choice
between computational
accuracy and clinical
transparency. This thesis
targets the empty quadrant:
highly accurate, fully
interpretable decision
support.

X-Axis

Clinical Interpretability (Low to High)
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Thesis Objectives & Core Contributions

Pillar 3:
| The “Glass Box” Ul

Objective:

Utilize the UCI Thyroid
Data Set.

Approach: ﬁ

Implement inherently
interpretable models—
specifically Decision Trees
and Random Forests—over
opaque neural networks.

| Objective: @

Ensure rigorous quantitative
testing.

Approach:

Evaluate model effectiveness
using Accuracy, Precision,
Recall, and F1-score to
match or exceed “black box"
benchmarks.

Objective: !* \

Bridge the clinical divide.

Approach: (a?

Design a diagnostic
framework that translates
numerical predictions into
structured, clinically
readable rationales.
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Proposed System Architecture: The Data Pipeline

Data Sources

Data Preprocessing

Cleaning & MNormalization

Machine Learning Model & Prediction

® Elevated TSH
® Low T3 level
® Abnormal FTI

® Elevated TSH
® Low T3 level

® Abnormal FTI




The Interpretation Engine: From Math to Medicine

THE MATHEMATICAL PATH THE CLINICAL TRANSLATION

N> 4.5 plujmL

Y : | Clinical Translation: Model predicts
( T2Leve? | Hypothyroidism with 91% confidence,

primarily driven by elevated TSH (©.8)
combined with abnormally low T3 (0.8).

Hypothyroid

Mathematical Path:
IF TSH > 4.5 AND T3 < 0.8 —> Class 1

Key Insight: By utilizing Decision Trees and Random Forests, the model's logic is fully traceable, eliminating the “black box" barrier.




Clinical Decision Support Interface

Q Al Clinical Thyroid Risk Assessment Report
Decision Support r

A. Predicte Class TRANSPARENT CONFIDENCE METRICS
ws Dashboard
S | A Hyrothyrold e Clinicians see exactly how certain the model is,
| = i B 91% . : ;
G S preventing over-reliance on borderline
=9 HL Risk Level High co—) T,
== L | predictions.
2 Settings Model Confidence o () N
Key Contributing Factors —
@ Elevated TSH: 9.8 pit/mL THE GLASS BOX
@ Low T3 level: 0.8 ng/mL
e Abrormal FTI: 5.9 Directly exposes the physiological biomarkers
driving the prediction (e.g., "Elevated TSH;: 9.8").
Interpretation
"
@ Prediction is mainly influenced by TSH
level and FTI values,
Next Steps . NATURAL LANGUAGE RATIONALE

& Clinical consultation advised

Synthesizes multiple numerical data points into
a clear diagnostic sentence.

» Consider additional thyroid testing

» Monitor hormone levels | - |

[F] Generate New Assessment




EXPERIMENTAL EVALUATION FRAMEWORK

- 92% ~

Accuracy
Overall correct predictions

. 95% -

Precision
Minimizing false positives

- 9% ~

Recall

Minimizing false negatives—
critical for missed diagnoses

—

2 93% ~

F1-Score

Harmonic mean for
imbalanced data

&

QUALITATIVE CRITERIA

Clinical | h.’t-'&r’p'l'etabfiil'ity;_fArg.
the decision paths medically
logical?

Usability Integration: Can the
outputs be easily read in a
clinical setting?




RESEARCH PLAN & EXECUTION TIMELINE (10 WEEKS)

| WK1-WK4

. Chapter 3 & WK2-WK4
Weeks 1-4: - Data Preparationg=yy  Data Preparation &
Methodology mapping, & Model Development Weeks 2-5:
data Iprepjrlagﬂn, Iand —r () | Intensive model evaluation
initial model development. i [ \WKA-WK5E ?tnd_mptgngtmn
: : uning Random
gﬂgﬁrﬂgﬁ#ﬂm“ & Forests/Decision Trees).
WK6-WK7 | WKB-WK7
Weeks 6-7: &\ Chapter 4: Experimental |
Compilation of “&’ Results & Discussion AL
experimental results and | Chapter 5:
technical discussion. and Future Work Wecks2:48
 WKs . WK8-WK10 Final writing optimization,
‘g Writing - Writing Optimization conclusion synthesis,
o OPtimization & Final Presentation and Final Presentation
A‘ o delivery.
WK8-WK10

Writing Optimization
& Final Presentation




CONCLUSION & FUTURE WORK

Successfully transitions thyroid risk assessment from opaque computational

models to a transparent, interpretable framework using structured lab data and

mm—— THE FOUNDATION (CURRENT THESIS)
memssss  Decision Trees.

S

THE NEXT FRONTIER (FUTURE WORK)

« Integration of unstructured clinical symptom narratives with laboratory data.

>>>

» Real-world validation within hospital infrastructure to test clinical adoption
rates.

“True high-performance medicine requires both the processing power of artificial

intelligence and the interpretability demanded by human physicians.”
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