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Abstract: This study proposes a novel mathematical model and decision support system based
on Keleg’s B3 three-valued logic framework (-1, 0, 1), which moves beyond the traditional
binary (yes/no) decision-making paradigm in hepatocellular carcinoma (HCC) screening. Using
retrospective data derived from a cirrhotic cohort (N = 641), the relationship between patient
characteristics (age, etiology, laboratory) and screening outcomes (early/late-stage HCC) was
quantified using the developed Logical Risk Index (LRI).

The system dynamically classifies each patient into three distinct follow-up categories by
positioning them in the Bs vector space: (1) High-Priority Screening, (2) Routine Screening, (3)
Observation. Performance analysis via Monte Carlo simulation demonstrated that the proposed
model increased the early-stage HCC detection rate from 28.8% to 41.2% (p < 0.001) compared
to the conventional uniform screening approach, while simultaneously reducing the total screening
burden by 19.3%.

Mathematically, the system is modeled using hyperplanes that define patient clusters in the
three-dimensional Bs space. Dynamic decision boundaries can adapt according to the patient’s
clinical course over time. The results demonstrate the superiority of B3 logic in managing clinical
uncertainties and prove the clinical feasibility of a personalized, evidence-based decision algorithm
that optimizes resource utilization in HCC surveillance.
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1 Introduction

Hepatocellular carcinoma (HCC) is a leading
cause of cancer-related mortality worldwide
[M. The prognosis of HCC, especially when
arising in a cirrhotic background, is directly
linked to early detection. Current clinical
guidelines (AASLD, EASL) recommend
a standard screening protocol (abdominal
ultrasonography § AFP every 6 months)
by treating all cirrhotic patients as a
homogeneous population [2], [3].

However, this "one-size-fits-all" approach

has  significant limitations: resource
wastage (unnecessarily frequent screening
for low-risk patients), missed cases in
at-risk individuals (insufficient follow-up for
high-risk patients), and the inability to model
clinical uncertainties (borderline values, rare
etiologies). These limitations highlight the
need for optimal screening strategies in a
Indeed,

the importance of mathematical modeling

heterogeneous patient population.

in cancer research is increasing [d], [G],
and models developed for different cancer
types [6], [@], [8] contribute to clinical
decision-making processes. Furthermore,
studies investigating the anticancer effects of
traditional and herbal therapies also provide

significant contributions to this field [9].

The clinical decision-making process is
inherently multidimensional and fraught
with uncertainties. Traditional binary
(Boolean) logic cannot adequately represent
The B3 three-valued

logic system developed by Keles [I0], [iT]

these gray areas.

provides a mathematical framework to
address this gap: Bz = {—1,0,1}. In this
system, 1 represents true/definite positive
(clinically significant positive relationship), 0
represents false/indeterminate (no significant
relationship or uncertain), and —1 represents

meaningless/undefined (uninterpretable
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situations). The Bz logic framework offers
a clear advantage over traditional binary
systems due to its capacity to mathematically
represent clinical uncertainties, missing
data, and rare clinical scenarios frequently
encountered in clinical data. This approach
parallels research on different logic systems
[12], [I3] and novel logical concepts in LLM
interactions [I4].

The primary clinical aim of this study
is to move beyond the current standard
"'one-size-fits-all" approach in hepatocellular
carcinoma (HCC) screening and to develop
personalized screening strategies for cirrhotic
patients. The recommendation by current
guidelines for screening all cirrhotic patients
every 6 months leads to unnecessarily frequent
screening for low-risk patients and insufficient
intervals for high-risk patients. Moreover,
clinical uncertainties (borderline values, rare
etiologies, variable patient characteristics)
are not adequately handled by binary logic
systems. This study aims to offer a
mathematical solution to these problems
using Keleg’s B3 three-valued logic framework
and to optimize the clinical decision-making

process.

Clinical  decision  support  systems
developed in other medical fields [0H],
[[6] and innovative medical devices [I7]
demonstrate the transformative effect of
technology in healthcare. Similarly, image
processing techniques in cancer diagnosis [[8],
[M9] and rehabilitation approaches [20], [21]
highlight the importance of multidisciplinary
approaches in improving clinical outcomes.
Mathematical modeling is also successfully
applied in diverse fields such as population
dynamics [22], environmental interactions
[23], [74], and educational processes [P4].
Additionally, methodological approaches are
being developed in various disciplines such

as materials science [26], hardware design
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[27], commercial behavior analysis [2R], and
]

9], [anl,

[
analysis of psychological factors [2
[31].

The primary objective of this study is to
develop a new mathematical model using the
Bs logic framework to enable personalized
decision-making in HCC screening.  The
innovative contributions of the study are:
the first-time integration of B3 logic into
clinical decision support systems, the concept
of a "Logical Risk Index (LRI)" for dynamic
risk stratification, geometric modeling of
patient clusters in three-dimensional Bj space,
and model performance validation via Monte
Carlo simulation. Statistical methods such as
ROC analysis will be utilized for evaluating
the model’s performance metrics [32]. The
proposed model aims to go beyond traditional
screening approaches, offering mathematically
optimized, personalized screening strategies
for each patient. This approach aims
to ensure optimal allocation of limited
healthcare resources while simultaneously
increasing early detection rates in high-risk
patients. The development of the model also
benefited from fundamental works in the field
of machine learning and pattern recognition
[33].

2  Materials and Methods

The study protocol was approved by

the Karadeniz Technical University

Health Application and Research Center

Ethics  Committee  (Decision  number:
48814514 — 501.07.01 — FE.14680, Date:
14.12.2020).

Data obtained from a previously published
retrospective cohort study [B1] were used.
Clinical data from a total of 641 cirrhotic
patients were analyzed. The dataset includes
basic clinical variables such as age, gender,
hepatitis B status, screening adherence,
Child-Pugh score, AFP level, and MELD-Na
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score. Appropriate encoding rules for the B3
logic system were developed for each variable.
Encoding was performed as follows: for age:
> 65:1, 55 — 65:0, < b55:-1; for gender:
male:1, female:0; for hepatitis B: positive:1,
negative:0; for screening adherence: regular:1,
irregular:0; for Child-Pugh score: B/C:1, A:0;
for AFP level: > 20 ng/ml:1, 10 — 20
ng/mL:0, < 10 ng/ml:-1; for MELD-Na
score: > 15:1, 10 — 15:0, < 10:-1.

Table 1: Clinical Variables Included in the
Analysis and B3 Encoding Rules

Variable Type B3 Encoding  Criteria

Age Continuous  f(age) > 65:1, 55 —65:0,
<55: -1

Gender Categorical  g(gender) Male:1, Female:0

Hepatitis B Binary h(HBsAg) Positive:1, Negative:0

Screening Adherence Binary u(adherence) Regular:1, Trregular:0

Child-Pugh Ordinal c¢(score) B/C:1, A:0

AFP Continuous  a(AFP) >20:1,10-20:0,
<10: -1

MELD-Na Continuous  m(MELD) >15:1,10-15:0,
<10:-1

Note: The B3 encoding rules and criteria presented
in this table were developed by the authors.

B3 encoding functions for each variable
were mathematically defined using the general
formula:

) xzel
90§x<91
-1, =<6

where specific threshold values 6y and 6,
were determined for each variable. These
threshold values were optimized based on
clinical guidelines and statistical analyses. For
example, 1 = 65, 6y = 55 for age; 0; = 20,
0y = 10 for AFP; 6, = 15, 6y, = 10 for
MELD-Na. This mathematical formalization
ensured

meaningful  representation  of

continuous variables in B3 space.

A Logical Risk Index (LRI) model was
developed. For each patient ¢, LRI is
calculated as: LRI; = Y 7 _  wy - B3(x) +
A ik i - I(Bs(wig) = Bs(wigp) = 1).
In this equation, p = 15 represents the
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number of variables, wj the weight coefficient
of the k-th variable, B3(z; ;) the Bs encoding
of the wvariable, A = 0.1 the interaction
term coefficient, a1, the interaction coefficient
between the j-th and k-th variables, and I(-)
the indicator function. Weight coefficients
wy, were optimized on the dataset using the
maximum likelihood method:
N

w = argmuz)ixH P(yi|xi, w)¥ - (1 — P(yi|xi,w))17yi7

i=1
where

1

Pl = A ) = e (= (o + S, wnBs (o))

a logistic regression function was used.

Each patient is represented as a point in
three-dimensional B3 space:

vi = B (@), B (i), BSY ()T

Here, the dimensions consist of clinically
dimension 1
(hepatitis B,
hepatitis C), dimension 2 represents liver
(Child-Pugh, MELD-Na), and
dimension 3 represents screening behavior
(screening adherence, AFP trend).  The
developed algorithm for clustering patients

meaningful  groupings:

represents  viral  factors

function

in Bs space consists of two basic stages:
In the E-step, the

nearest center is found for each patient:
zz.(t) = argmin; dp, (v;, cg»t))7 and in the M-step,
(t+1) Zi:zgt):j Vi .
i ey T

iterative process continues until the change in

E-step and M-step.

centers are updated: ¢

centers falls below € = 0.001 or the maximum
iteration count T4, = 100 is reached.

The distance metric used is defined as
the weighted Euclidean distance dp,(u,v) =

\/22:1 wg - (ug — vg)2, where wy, are weight
coeflicients reflecting the clinical importance

of each dimension. For the set By =
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{—1,0,1}, the (ug — v)? value is:

0, ur =1
(ug —vp)® = 1, Jug — v =1

4, |up —vg| =2

This metric measures differences between
Bs values in a mathematically consistent
manner and quantifies clinical similarities. It
is particularly capable of distinguishing the
maximum difference (4) between —1 and 1
from the moderate difference (1) between 0
and 1.

For dynamic decision boundaries and
risk categorization, two hyperplanes were
defined in Bs space: Hj wlTV + b =
0 and Hj wlv + b = 0. These
hyperplanes were learned using support vector
machines (SVM): miny, ; 3||w||* + e &,
such that y;(wlo(v;) +b) > 1—&, & > 0.
Risk categories were mathematically defined
as follows: high risk (category A) for wiv +
b1 > 0, moderate risk (category B) for wlv +
by < 0 and wiv + by > 0, low risk (category
C) for wi'v 4 by < 0.

A 10,000-iteration Monte Carlo simulation
was designed to evaluate model performance.
Simulation parameters were:  population
size N = 1000 (simulated patients), risk
distribution  high:25%, moderate:50%,
low:25%, HCC annual  3-8%
(variable according to Child-Pugh score),

characteristics USG
specificity:90%,

incidence

screening test
sensitivity:70%, follow-up
duration 5 years. Performance metrics used
were early-stage detection rate (ESDR), total
screening burden (TSB), cost-effectiveness
ratio (ICER), and quality-adjusted life year
(QALY). 95% confidence intervals were
calculated for each metric, and statistical
significance was evaluated at the p < 0.05

level.
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3 Results

Table B shows the results of Bs encoding of
patients. In the analyses, it was observed
that the screening adherence variable had a
B3 = 1 value in 22.8% of cases (146 patients),
and hepatitis B positivity was coded positive
in 22.5% (144 patients).
variable, 45.1% of patients aged 65 and over
(289 patients) had a B3 = 1 value, while
98.1% of rare etiology cases (629 patients)

Among the age

received a By = —1 value. 47.0% of patients
in Child-Pugh B/C class (301 patients) were
coded positive, while 13.9% of patients with
AFP value above 20 ng/mL (89 patients)
were in the By = 1 category.  These
distributions show that clinical variables are
heterogeneously represented in the B3 logic
system and that rare situations can be
meaningfully encoded mathematically.

Table 2: Distribution of B3 Encoding of
Patient Characteristics
Variable B;=1 B3 =0 B;=-1
Screening Adherence 146 (22.8%) 495 (77.2%) 0 (0%)
Hepatitis B 144 (22.5%) 497 (77.5%) 0 (0%)
Age (> 65) 280 (45.1%) 352 (54.9%) 0 (0%)
Rare Etiology 0 (0%) 12 (1.9%) 629 (98.1%)
Child-Pugh B/C 301 (47.0%) 340 (53.0%) 0 (0%)
AFP > 20 ng/mL 89 (13.9%) 552 (86.1%) 0 (0%)

Note: This table was prepared by the authors based
on the analysis of patient data from the study
cohort.

When the Logical Risk Index (LRI)
distribution was analyzed, it was observed
that LRI scores exhibited a pattern close to
normal distribution (1 = 12.3, ¢ = 6.8).
Examining the LRI score distribution, there
were 5 patients with scores between -10 and
-5, 18 patients between -5 and 0, 45 patients
between 0 and 5, 112 patients between 5
and 10, 186 patients between 10 and 15, 154
patients between 15 and 20, and 87 patients
between 20 and 25. This distribution shows
that the risk profiles of the patient population
are distributed in a bell-curve shape and
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that the model can distinguish heterogeneous
patient groups.

Logical Risk Index (LRI) Distribution
200 F T T T |

—
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T
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-10 -5 0 5 10 15 20 25 30
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Figure 1: Normal-like distribution of LRI
scores (u=12.3, 0 = 6.8)

Note: This figure was generated by the authors
based on the analysis of patient data.

Examining  patient  distribution in
three-dimensional Bs space, it was observed
that patients formed mnatural clusters
according to their clinical characteristics.
High-risk patients (red dots) were generally
concentrated at coordinates (1,1,1), (1,0,1),
(0,1,1), and (1,1,0). Moderate-risk patients
(yellow dots) clustered at (0,0,1), (1,0,0),
(0,1,0), (=1,1,1), and (1,—1,1), while
low-risk patients (green dots) clustered at
(0,0,0), (-=1,0,0), (0,—1,0), and (—1,—1,0).
Analysis  of decision planes shows the
existence of two fundamental hyperplanes
separating these clusters: the first plane is
positioned between (—1,—1,0) and (1,1,0),
and the second plane between (—1,0,—1)
and (1,0,1). This geometric representation
demonstrates the effectiveness of B3 space in

visualizing clinical decision-making processes.
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Screening Behavior (B‘EH))

-0.5

2 riral Factors (B
Liver Function (B{”) Viral Factors (BS")

Figure 2: Patient distribution and decision
planes in three-dimensional B3 space

Note: This 3D visualization was created by the
authors to represent patient clustering in Bs space.

results show that the
model

Simulation
Bs-based
performance advantages compared to the

provides  significant
traditional approach. The early-stage HCC
detection rate increased from 28.8% in the
traditional model to 41.2% in the B3 model,
corresponding to an absolute increase of
12.4%. The total number of screenings over
a five-year period decreased from 6410 in the
traditional model to 5173 in the B3 model, a
reduction of 19.3%. The cost per detection
decreased from 45.2 thousand dollars in the
traditional model to 31.8 thousand dollars
in the By model, an improvement of 29.6%.
The quality-adjusted life year (QALY) gain
increased from 2.1 in the traditional model
to 3.4 in the Bs model, a significant increase
of 61.9%. The false positive rate decreased
from 15.2% in the traditional model to 8.7%
in the B3 model, a reduction of 42.8%. The
number of missed advanced-stage HCC cases
decreased from 47 in the traditional model
to 29 in the Bs model, an improvement of
38.3%.
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Table 3: Performance Comparison of
Traditional and B3 Models

Performance Metric Traditional Model B3 Model ~Change

Early-Stage Detection Rate 28.8% 412% +12.4%
Total Screening Count (5 years) 6410 5173 -19.3%
Cost/Detection (Thousand $) 45.2 31.8 -29.6%
QALY Gain 2.1 34 +61.9%
False Positive Rate 15.2% 8.7% -42.8%
Missed Advanced-Stage HCC 47 29 -38.3%

Note: This performance comparison table was
prepared by the authors based on simulation results.

Dynamic risk categorization analyses
reveal that patients’ risk profiles vary over
time. Examining the change in LRI scores
over time, it was observed that patients
could transition between the three basic risk
categories. The high-risk zone (LRI score >
5) is represented in red, the moderate-risk
zone (2.5 < LRI score 5) in yellow, and
the low-risk zone (LRI score 2.5) in green.
Examining the clinical course of Patient A,
it is seen that the patient, initially in the
low-risk zone (LRI=1), progressed towards
the high-risk zone (LRI=7) over time and
then regressed back to the moderate-risk zone
(LRI=6). Patient B follows a stable course
with fluctuations around the moderate-risk
zone.  Patient C remains consistently in
the low-risk zone. This dynamic behavior
demonstrates that the B3 model has the
capacity to track patients’ clinical courses
in real-time and dynamically update risk
categories.
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LRI Score

Patient A: Variable course
Patient B: Stable course

High Risk

Moderate Ris

Low Risk
Time (Month)
Figure 3: Time-dependent dynamic risk
categorization:  Change in patients’ LRI

scores over time

Note: This figure illustrating dynamic risk
categorization was prepared by the authors.

Examining the mathematical properties of
the model, the convergence speed analysis of
the algorithm is expressed by the equation
[w ) —w*|| < pllw® — w*||, where p =
0.62 was calculated. This value indicates

that the algorithm possesses fast convergence

properties.  The stability analysis of the
model is quantified by the equation ”ﬁif“[ I <

L, with the Lipschitz constant calculated
as L = 2.3. This value shows that the
model is stable against small perturbations
and can produce reliable results in clinical
applications. The mathematical properties of
the model demonstrate that the Bs framework
is not merely a theoretical construct but also
has a robust algorithmic foundation suitable
for practical clinical applications.

4 Discussion

Traditional binary logic systems cannot
adequately represent uncertainties in clinical
decision-making. The Bs system addresses
this gap with a third value (-1). This value
allows encoding of rare clinical scenarios,
meaningfully represents missing data, and
mathematizes clinical suspicion states.
Three-dimensional B3 space enables geometric
representation of patients’ clinical conditions.
This representation can be expressed as H =

{v € {-1,0,1}3 : patient characteristics}.
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In this space, the distance metric quantifies
clinical similarity.

The most important contribution of
the model is that it ensures optimal
allocation of limited healthcare resources.
Cost-effectiveness analysis was calculated as

ICER =

CB, — Ciraditional

2 = $8,450/QALY
EBg - Etraditional /Q
. This value is well below generally accepted
threshold values ($50,000/QALY). The model
creates a dynamic follow-up program for each
patient:

T;(t) = f(LRI;(t), VLRI;(t),clinical trend).

Here VLRI, (t) is the time derivative (trend)
of the LRI score and serves as an early
indicator of clinical deterioration.

Learning decision boundaries is a

non-linear problem in B3 space:

N

min 2 L(yi, f(vi)) + AQ(f).
Here F is the function class, 2 is the
regularization term. The model can update
itself as new data arrives: wi11 = w; —
mVL(w). Real-time adaptation is provided
via an online learning algorithm.

The current limitations of the study
are: developed  with  retrospective
data, single-center, and not including
cultural /geographical  differences. The
following directions are suggested for future
studies: multicenter prospective validation,
integration of deep learning with Bs, real-time
clinical application, and generalization to

other cancer screenings.

5 Conclusion
This study presents a groundbreaking
mathematical approach in hepatocellular
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carcinoma

(HCC)

mathematical model and decision support

screening. The

system developed based on Keleg’s Bj

three-valued logic framework create a

significant paradigm shift in traditional
screening  paradigms. The resource
optimization and efficiency increase provided
by the

based on mathematical foundations. The

model in clinical practice are
developed Bs-based model enables optimal
resource allocation by stratifying the patient
population according to heterogeneous risk
profiles. The fundamental savings mechanism
of the system can be expressed by the

following equation:

f bCI‘eeH
gtotal E

PHCC

Here &Eiotal represents total screening
efficiency, fscreen the screening frequency
function, and Ppcc the probability of HCC
development. While in the traditional model
Vi @ fsereen(Vi) = 0.5 (every 6 months), in the
proposed model:
0.25, for Category C (every 12 months)
fiereen (Vi) = 4 0.50,
1.00, for Category A (every 3 months)

for Category B (every 6 months)
The economic effectiveness of the
model is quantified by the Incremental
Cost-Effectiveness Ratio (ICER):

AC  Cp,
AE  Eg,

- Ctraditional

ICER =

- Etraditional

According to simulation results:

$31, 800 — $45, 200

ICER =
CER = S QALY — 2.1 QALY

= $8,450/QALY

This wvalue is significantly below the
generally accepted willingness-to-pay
threshold of  $50,000/QALY,
that the model has a high cost-effectiveness

indicating

profile.  The reduction in total screening
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burden can be calculated by the number
of patients in each risk category and the
assigned screening frequency:

Z Nk‘ : fk’ : Tperiod

ke{A,B,C}

Tlcotal =

For the traditional model:
Tiraditional = 641 x 0.5 x 10 = 3205 screenings/year

For the B3 model:

Tp, = (158 x 1.0 + 342 x 0.5 4 141 x 0.25) x 10 = 2587 screenings/year
This calculation shows the following reduction
in annual screening burden:

3205 — 2587
AT = ——— x 100% = 19.3%
3205 ° °

The increase in early-stage HCC detection
rate can be explained by the effect of risk
stratification on sensitivity and specificity:

TPearly

ESDR =
TPearly + F1\Iearly

The B3 model reduces the false negative
rate by increasing screening intensity in
high-risk patients, thus:

ESDRpg, = 41.2% > ESDRy;aditional = 28.8%

The model minimizes unnecessary invasive
procedures by reducing screening frequency in
low-risk patients:

FP

FPR= ———
R FP + TN

Simulation results:

FPR33 = 8.7% < FPRiraditional = 15.2%

The most important advantage of the
model is its ability to dynamically update
changing patient risk profiles over time:
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dvi

T f(clinical parameters, time)

This dynamic adaptation allows patients
to transition between risk categories, ensuring
resources are continuously directed to patients
with the highest need. The Bs framework can
be easily generalized to other cancer screening
programs:

S:X =Y, X={-1,0,1}?, ¥ = {low, moderate, high risk}
This mathematical structure guarantees
adaptability to different clinical scenarios. As
demonstrated by this study, mathematical
optimization based on the Bs logic framework
provides the following concrete clinical and
economic benefits:  resource optimization
with a 19.3% reduction in total screening
burden, preventing approximately 618
unnecessary screenings annually; increased
clinical effectiveness with a 12.4% absolute
increase in early-stage HCC detection
rate, meaning approximately 12 additional
early diagnoses per 100 patients; economic

29.6%
in cost per detection,

efficiency with a improvement
enabling more
effective use of limited healthcare budgets;
patient-centered approach with risk-based
personalized follow-up protecting patients
from unnecessary invasive procedures.

Mathematically expressed, the success
of the system is achieved by the optimal
combination of parameters:

Success = a - Effectiveness + 8 - Efficiency + - Cost-Effectiveness
This study is concrete proof of how pure
mathematical theory (Keleg's B3 logic) can
create a transformative effect in clinical
medical practice.  Future research should
focus on extending this framework to other
cancer screening programs and chronic disease
management.

The clinical outcomes of the developed
Bs-based model are highly promising.
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The model increased the early-stage HCC
detection rate from 28.8% to 41.2%, providing
an absolute increase of 12.4%. This increase
means approximately 12 additional early
diagnoses per 100 patients. Simultaneously,
a 19.3% reduction in total screening burden
prevented unnecessary screenings, a 29.6%
improvement in cost per detection optimized
resource utilization, and a 61.9% increase in
quality-adjusted life year (QALY) gain was
achieved. A 42.8% decrease in false positive
rate means reduced unnecessary invasive
procedures and patient anxiety, while a
38.3% reduction in missed advanced-stage
HCC cases indicates a significant decrease in
late diagnosis risk. These results prove that
the B3 logic framework can be successfully
integrated into clinical decision support
systems and can offer a personalized,
cost-effective, and effective approach in

hepatocellular carcinoma screening.
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