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Abstract
Breast cancer has recently received considerable attention in the field of diagnostic 
imaging. It can present in various forms, including invasive, in situ, or mixed subtypes. 
As breast tumors grow faster than other tumor types, non-invasive imaging methods, 
such as magnetic resonance imaging (MRI), are widely used for their quantitative 
assessment. This study proposes a novel function that utilizes specific mathematical 
relationships between relaxation times in MRI to generate maps by defining alpha 
star. We introduced transverse–longitudinal function (TLF), incorporating T1, T2, and 
alpha parameters. The function equals zero for a given assumed alpha value. Then, 
when plotting the TLF, a maximum amount was introduced as a percentage of the 
maximum width at the x-value. By calculating the inverse of the TLF, the full width at 
× maximum (FW×M)—the difference between the maximum and minimum alpha 
stars—was obtained for each image pixel. If this parameter were estimated for the 
entire image, only one FW×M would be obtained. The derived maps demonstrated 
breast tumor growth and predictive potential, with a reasonable signal-to-noise 
ratio of 16.5×−0.096. While the x-value approached 1, more details in the entire breast 
image became visible. The resulting images with the index value of −0.096 revealed 
breast structures and other information at different stages, potentially facilitating the 
quantitative assessment of tumor characteristics and progression.

Keywords: Breast cancer; Magnetic resonance imaging; Relaxation times; Signal-to-noise 
ratio; Full width at x maximum

1. Introduction
Magnetic resonance imaging (MRI) is a useful tool for detecting and characterizing 
breast diseases, assessing the local tumor extent, evaluating treatment responses, and 
guiding biopsy and localization. The reported sensitivity of this procedure for detecting 
invasive breast cancer has been close to 100% in several studies, indicating that 
breast MRI is important for preoperative staging.1 However, breast MRI has variable 
specificity, reported between 37% and 97%.2 Low specificity could be a potential cause 
of overtreatment.3

Breast cancer is one of the most common malignancies in women and can present 
as invasive, in situ, or mixed tumor types. Breast cancer can be investigated using non-
invasive medical imaging techniques, including breast MRI. MRI can be utilized in 
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combination with mammography techniques to examine 
high-risk cancers or better delineate suspicious regions.4 In 
addition, MRI is occasionally employed as a complementary 
technique in breast tumor diagnosis to more accurately 
evaluate tumor size and detect additional or multifocal 
lesions.5-10 Therefore, generating maps depicting the stages 
of cancer growth can aid in treatment, as discussed in this 
research. Specifically, diffusion-weighted imaging (DWI) 
can be used to detect breast malignancy.11

Zanotelli et al.12 characterized the physical structures 
of the extracellular matrix during tumor progression to 
integrate values in the literature, identify discrepancies 
and similarities, and better understand how aberrant 
extracellular matrix dynamics contribute to cancer 
progression. In addition, Huang et al.13 developed 
co-culture spheroids that regulate tumor invasion in an 
extracellular matrix to disclose the spatial distribution of 
two cell types through real-time imaging. Furthermore, Li 
and Thirumalai14 used evolutionary game theory (EGT) to 
examine how interactions between subclone populations 
induce intratumoral heterogeneity.

The EGT provides a novel and unique avenue for 
investigating intratumoral heterogeneity, accounting for 
the interactions among tumor subpopulations or between 
cancer and normal cells.15,16 It is a subfield of game theory, 
which provides mathematical models for studying the 
strategic interaction among individuals. An individual 
(“player”) receives a payoff during the game depending 
on both the player’s and the others’ behavior (“strategy”). 
In cancer research, the players are cancer or normal 
cells, and the payoff is their fitness, while the strategies 
are phenotypes adopted by players.17 The advantage of 
EGT is that it can describe the time-dependent evolution 
of the relative abundance of each cell type, determine 
the equilibrium conditions, and assess the stability of 
phenotypes that coexist. Such mathematical and physical 
simulations complement experimental research and may 
generate new conceptual approaches for the development 
of effective therapies for various cancer types.

Likewise, Rockne et al.18 simulated gliomas using 
multiple variables and an MRI system to estimate net 
proliferation rates and diffusion parameters of a linear 
radial growth outline. Moreover, Thomas et al.19 enhanced 
immunotherapy and targeted therapy through stromal-
remodeled solid tumors and engineered bacteria. They 
reported a hyper-vesiculating Escherichia coli Nissle 
(ΔECHy)-based tumor-targeting bacterial system capable 
of delivering a fusion peptide, cytolysin A–hyaluronidase, 
through outer membrane vesicles. The capability of 
targeting hypoxic tumors, manufacturing recombinant 
proteins in situ, and the added advantage of an on-site 

outer membrane vesicle-based distribution system make 
the engineered bacterial vector a reliable candidate for 
peptide delivery in a live bio-therapeutic procedure.

Khalifa et al.20 presented a haplotype analysis and 
linkage disequilibrium of breast cancer susceptibility genes 
(BRCA) in glioblastoma to identify cancer risk factors 
and determine the treatment response. Similarly, Wang 
et al.21 investigated the role of pyroptosis in breast cancer 
patients and identified 15 prognostic genes associated with 
tumor growth. Furthermore, Zhang et al.22 reported a case 
of a 38-year-old woman diagnosed with invasive ductal 
adenocarcinoma of the left breast in which the recurrent 
lesion responded to combination therapy consisting of 
capecitabine and pyrotinib, with tolerable adverse events. 
In this regard, Okwor et al.23 emphasized the importance 
of understanding the mechanisms of modulation, tumor–
immune interactions, and the potential of epigenetic 
therapies in improving treatment outcomes in triple-
negative breast cancer (TNBC). In addition to that, 
Zhang et al.24 examined the effects of cyclin-dependent 
kinase 4/6 inhibitors in breast cancer therapy to enhance 
immune responses. Furthermore, Aye et al.25 investigated 
the relationship between tumor subtypes and tumor, node, 
or metastasis staging in breast cancer patients, in which 
the TNBC subtype revealed significant associations with 
advanced T and N stages. Also, they found no statistically 
significant relationship between receptor status and M 
stage or between human epidermal growth factor receptor 
2 (HER2) status and components of tumor staging. 
However, Gat et al.26 found that Zercepac® is effective and 
safe in neoadjuvant therapy for HER2-positive breast 
cancer.

Recently, Razem et al.27 reported a case of a 50-year-
old woman diagnosed with a malignant proliferating 
trichilemmal tumor of the scalp several years following 
chemotherapy for breast cancer, initially misdiagnosed as 
squamous cell carcinoma on biopsy. Moreover, Aref et al.28 
utilized optical differentiation using a hyperspectral imaging 
system to categorize malignant and normal tissues. Their 
experimental trials showed that the system could identify 
the optimal wavelength for diagnostic and therapeutic 
applications through the light interaction behavior of the 
breast tissue’s optical properties.

During invasive therapy or mammography, ionizing 
radiation interacts with tissue and may expose normal 
tissue to energy deposition, potentially causing harm. 
To decrease the dose ratio while increasing efficiency 
and the signal-to-noise ratio (SNR), techniques based on 
shielding design and aspects of breast deformation were 
proposed.29,30 One of these differences is the geometric and 
functional differences in breast structure or configuration 
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during imaging or treatment.31 In contrast, MRI is a non-
ionizing imaging technique and does not expose patients 
to ionizing radiation. The T1- and T2-weighted images of 
the abnormal breasts were considered for further analysis 
in this study.

This study proposes a new function that applies the 
corresponding MRI physics to relaxation times, generating 
fresh maps by defining a discrete and unique index. These 
derived images show the trend of breast tumor growth and 
tumor ratio prognosis, along with an adequate SNR.

2. Methods and materials
2.1. Principles of MRI

In nuclear magnetic resonance spectroscopy, the 
equilibrium state of a spin system can be perturbed by a 
radiofrequency (RF) magnetic field B1(t) with a frequency 
ωRF that matches the Larmor frequency ω0, which tilts the 
magnetization (M). While a nuclear magnetic moment 
(μ) can merely take 2I+1 discrete orientations relative to 
the static magnetic field B0 (direction quantization), the M 
can take any direction in space and change it continuously. 
The effect of B1(t) rotating at ω0 around the direction of 
B0 is optimally analyzed in a rotating coordinate system, 
i.e., a coordinate system rotating at ω0 around the z-axis 
(Figure 1). Switching to a rotating coordinate system with 
axes (x’, y’, z) has two advantages: (i) Since the x’–y’ plane 
of the rotating system is synchronized with the RF field, 
the B1 vector remains stationary in this system; and (ii) μ 
precesses at ω0 around the direction of B0. This also applies 
to the macroscopic sum of μ, i.e., for M.32,33 Consequently, 
an observer in the rotating coordinate system will 

conclude that the position of M does not change. From this 
perspective, M behaves as if the B0 field is absent (Larmor’s 
theorem). In summary, the dynamics of M in the rotating 
coordinate system are determined solely by the static 
B1 field. If this field points along the x’-axis, M precesses 
around the x’-axis.

Mathematically, the relaxation times T1 and T2 are 
considered macroscopic and microscopic features, 
respectively. However, all types of magnetic fields are 
present only in the corresponding tissue within a small 
space. In all tissues, there are weak magnetic fields generated 
by spinning hydrogen nuclei. The tip of M traces a helical 
trajectory on the surface of a sphere around the B0 magnetic 
field on the surface sphere in a helical manner, with the 
vector length remaining constant,32 as shown in Figure 2.

Figure 3 shows the exponential relaxation of longitudinal 
and transverse magnetization moduli after the excitation of 
spin structure by a flip or 90° pulse and provides a rough 
explanation of these relaxation times. Here, T1 specifies the 
time required for the longitudinal magnetization to rise to 
63% of its equilibrium value M0 after a 90° pulse, and T2 
specifies the time required for the transverse magnetization 
to decay to 37% of its initial value after a 90° pulse.35

2.2. Our proposed theory

The magnitudes of the magnetized vectors of longitudinal 
Mz (t) and transverse Mxy (t) are always related to each 
other as follows:

Figure 2. Schematic representation of the resonance excitation process. By 
rotating the reference frame at the Larmor frequency ω0 around the path 
of the B0 magnetic field, the magnetization vector M moves forward at the 
frequency ω1 around the stationary B1 magnetic field. In the stationary 
coordinate system, this slight rotation is overlaid by the significantly faster 
rotation around the z-axis. Consequently, the tip of the M vector spirals on 
a sphere’s surface.34 Photo published with the author’s permission.

Figure 1. (A) Double precession cone for a nucleus with spin quantum 
number (I) of 1/2. The two allowed spin states (precession cones) 
are categorized by the magnetic quantum numbers (m) of ±1/2. 
(B) Radiofrequency (RF) field in a stationary and in a rotating coordinate 
system. In the stationary system (x, y, z), the magnetic field B1(t) rotates 
with angular frequency ωRF in the x–y plane around the z-axis. If we 
observe this rotation from a rotating system (x’, y’, z) that rotates with the 
same angular frequency ωRF around the z-axis, the vector is stationary. 
The rotating coordinate system is usually chosen such that the B1 field 
points in the x’-direction. Figure created by the authors.
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Here, the M in thermal equilibrium is described by the 
magnetization vector M0, which is defined as the vector 
sum of the μ per unit volume. To extract and segment 
data from the T1 and T2 recordings together, a parametric 
function between them was proposed as follows:
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where α is the parameter. After substituting the 
equations of Mz (t) and Mxy (t), as shown in Figure 3, into 
Equation (2), the parametric transverse–longitudinal 
function (TLF) was obtained as follows:
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Using the TLF (α) function, the absolute values of the 
α* were calculated from the following function:

α* = TLF-1 {x × [max (TLF (α))]}� (4)

Where x is a parameter ranging from 0 to 1. Finally, 
a new index was designed as full width at × maximum 
(FW×M) to generate new maps with an appropriate SNR:

* * max minFW M α α× = − � (5)

The defined new index was calculated using the Matlab 
software (R2016a, MathWorks Inc., United States) and 
evaluated using different relaxation times and various 
values of the proposed x-parameter to obtain the new 
maps, the so-called FW×M map.

3. Results
The combination of spin–spin and spin–lattice relaxation 
times under proper conditions can characterize breast 
cancer. The T1-  and T2-weighted images of the abnormal 
breast from the study by Han et al.,37 indicated as number 86 
(# 86), were chosen for simulation and generation of FW×M 
maps at different indices (x = 0.01, 0.03, 0.09, 0.1, 0.11, 0.2, 
0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9 and 1), as shown in Figure 4.

At lower x-parameter values, tumor details were 
better displayed on the FW×M maps. As the x-parameter 
increased, all breast elements were displayed. Therefore, 
the FW×M maps can forecast the growth trend of breast 
cancer at different x-parameters.

The evaluation of breast tumors at any stage is crucial 
for diagnosis and for considering both treatment planning 
and the prediction of tumor growth rate. The prediction 
and quantitative assessment were performed by defining 
a theory and corresponding recommendations in MRI, 
creating FW×M maps with an appropriate SNR. These 
maps can improve breast cancer diagnosis. The main 
symptom of breast cancer is a new mass or nodule, for 
which positron-emitting radionuclides can be utilized 
for breast cancer treatment. However, the geometric 
configuration of this mass must first be estimated. The 
dynamic maps resulting from the proposed theory can 
help to depict these configurations precisely. Imaging can 
aid in identifying suspicious lesions, monitoring tumor 
extent, and assessing treatment response.

4. Discussion
Breast cancer remains a leading cause of cancer 
mortality among women worldwide. The heterogeneity 
of breast cancer, manifested in varying growth rates, 
angiogenic profiles, and metastatic potentials, necessitates 
individualized treatment strategies. Dynamic contrast-

Figure  3. Relaxations of the longitudinal and transverse magnetization. The 90° pulse excitation returns the longitudinal magnetization Mz to the 
equilibrium value Mz = M0, and successively the transverse magnetization to Mxy = 0. The sequential progression is indicated by the relaxation times T1 and 
T2, respectively.36 Photo published with the author’s permission.

https://dx.doi.org/10.36922/TD025230041


Tumor Discovery Quantifying breast cancer development in MRI

Volume 5 Issue 1 (2026)	 98� doi: 10.36922/TD025230041

enhanced MRI (DCE-MRI) has emerged as a gold-standard 
imaging modality for breast cancer detection, staging, and 
response assessment. It provides not only high-resolution 
morphological data but also functional information by 
tracking the uptake and washout of a gadolinium-based 
contrast agent, which is indicative of tissue vascularity, 
perfusion, and permeability. Current clinical practices rely 
on empirical metrics from DCE-MRI, such as the signal 
enhancement ratio or qualitative descriptors from the 
Breast Imaging Reporting and Data System (BI-RADS).38-41 
While useful, these metrics are descriptive rather than 
predictive. They offer a snapshot in time but lack a formal 
mathematical framework to forecast future tumor states.

The core scientific problem is to transition from 
description to prediction. A  mathematical function that 
can reliably predict growth would allow clinicians to:
(i)	 Estimate time-to-critical size
(ii)	 Simulate response to different neoadjuvant therapies 

in silico
(iii)	Identify aggressive phenotypes based on their 

predicted kinetic parameters
(iv)	 Optimize the timing of surgical intervention.

Mei et al.42 examined the DCE-MRI method based on 
fuzzy C-mean clustering in the analysis of invasive breast 
carcinoma and reported favorable diagnostic performance. 
The limitation of their research is that they compared the 
clustering effects of two algorithms. On the other hand, 
hormones play a role in cancers; however, the exact origin 
is unclear. Breast tumors usually arise from the cells of the 
milk ducts and, sometimes, from the lobules; occasionally, 
they originate in other tissues. In most cases, breast cancer 
arises from epithelial cells within the breast ducts or lobules. 
It is often a type of carcinoma called adenocarcinoma. This 
carcinoma arises from the glandular tissue. Other forms 
may also occur in the breast tissue, such as sarcomas, which 
form in muscle cells, fat cells, and connective tissues. In 
some cases, a single breast tumor can encompass different 
classes or a group of in situ and invasive cancers. These 
cancers can be divided into several groups depending on 
the proteins in the breast cancer cells, for example, triple-
negative or hormone-receptor-positive cancers. Ductal 
carcinoma in situ often manifests as pre-invasive or non-
invasive cancer cells.43-46 The new maps derived from our 
research can help explore these groups for better diagnosis.

Figure  4. The FW×M maps were obtained from T1-  and T2-weighted images of the abnormal breast from the study by Han et al.37 at various 
x-parameters—x = 0.01, 0.03, 0.09, 0.1, 0.11, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1. As the x-value increases toward 1, the details of healthy and tumorous 
areas become more visible simultaneously.
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A tumor can be viewed as a tissue in which neoplastic 
cells are embedded in a specific micro-environment 
that modulates tumor cell behavior during multistep 
tumorigenesis. Given this, antineoplastic therapy should be 
tailored to target not only tumor cells but also the cellular 
components of the tumor micro-environment (TME). 
This requirement becomes clear when considering tumor 
angiogenesis, a significant aspect of cancer biology. Ion 
channels and transporters are increasingly acknowledged 
as relevant players in tumor cell–TME interactions. For 
example, in tumor neoangiogenesis, soluble elements, as 
well as solid components of the extracellular matrix and 
membrane proteins, determine the signaling exchange 
between the TME and the involved cell types. The 
signaling network is organized by functional nodes, which 
may consist of integrin receptors that associate with other 
proteins to create macromolecular signaling platforms 
at the adhesion sites. These complexes often contain ion 
channels. Recently, Crociani et al.47 proposed a simple 
mathematical model for adhesion-mediated signaling 
in cancer to model novel signaling pathways of ether-à-
go-go–related gene channels (HERG1) and integrins via 
a tumor suppressor gene to control angiogenesis. Using 
mathematical models, they demonstrated that a dynamic 
switch between conditions of normoxia and cell death 
occurs without considering the interconnected dynamics 
of the key microscopic players.

Since the physical characteristics of the extracellular 
matrix strongly influence malignancy and tumor 
progression, Engelke48 established a close connection 
between tumor biology and extracellular matrix to address 
tumor signaling directly and indirectly through the 
modulation of tumor interactions. Moreover, Margarit 
et al.49 proposed a spherical model for cellular automation 
in a solid tumor with plasticity to study the spread of cancer 
cells to other organs. However, they only considered the 
mean diameters of solid tumors, for example, 0.2  cm in 
breast cancer, without considering tumor heterogeneity in 
recurrence or metastasis.

Cabuk et al.50 differentiated benign and malignant 
breast lesions of cysts and intramammary lymph nodes 
using the DWI technique and calculated apparent diffusion 
coefficient (ADC) values of both lesions. Meanwhile, 
Oohashi et al.51 reviewed the usefulness of ADC values 
for characterizing benign and malignant tumors through 
DWI. Advanced DWI models are usually challenged by 
long acquisition times, prompting research into simplified 
approaches. One method involves estimating intravoxel 
incoherent motion (IVIM) and non-Gaussian parameters 
using just a few b-values. Chan et al.52 presented a method 
for breast tumor characterization by combining IVIM and 

DWI techniques through 13 b-values to identify tumor 
heterogeneity and differentiate low-  and high-cellularity 
regions. Kurt et al.53 examined the usefulness of diffusion 
tensor imaging (DTI) and DWI in assessing axillary lymph 
nodes (ALNs) of breast cancer patients and evaluated 
morphological features, ADC, volume anisotropy, and 
fractional anisotropy values. They indicated that the ADC 
value of metastatic ALNs is meaningfully lower than that 
of non-metastatic ALNs, and DTI metrics of metastatic 
ALNs are considerably higher than those of non-metastatic 
ALNs. In their investigation, ADC had a better diagnostic 
performance than morphological features, fractional 
anisotropy, and volume anisotropy. Mao et al.54 explored 
the value of quantitative parameters derived from diffusion 
spectrum imaging (DSI) in preoperatively predicting 
HER2 status in patients with breast cancer. They concluded 
that DSI could be helpful for preoperative prediction of 
HER2, but DSI alone may not be sufficient in predicting 
HER2 status preoperatively in patients with breast cancer.

The evaluation of cell differentiation and its 
consequences is currently providing new groundwork 
for theoretical and experimental research. Clinical data 
regularly show that various elements are responsible 
for tumor growth, spread, metastasis, and recurrence, 
particularly after therapy. In this study, the characterization 
of regional tumor differentiation was investigated utilizing 
experimental data from a previous study,37 and a proposed 
theory, based on T1- and T2-weighted MRI images of the 
abnormal breast, was examined to assess SNR performance 
and visualize tumor-related changes.55,56

Nowadays, breast cancer can be diagnosed using MRI. 
Early detection of high-risk breast cancer is crucial for 
the adaptation of appropriate and effective interventional 
therapies. If the tumor is detected at an early stage, it can be 
treated rapidly.57,58 The novel maps attained in this study can 
depict the stages of breast cancer growth locally, as well as 
the estimated size of the mass. The goal of mammography 
is to detect cancer cells before they cause symptoms. 
Breast tumors are often detected when they tend to grow 
abnormally, potentially indicating spread from the breast. 
In contrast, the model proposed in this study can regularly 
detect tumors at an early stage, when they remain confined 
to the breast tissue. The common use of mammography has 
increased the detection of breast tumors before the onset of 
clinical symptoms. Nevertheless, mammography does not 
always differentiate between various types of breast tumors, 
either because specific studies have not been conducted 
or because certain breast tumors remain radiographically 
occult even under optimal imaging conditions.59-61 In 
this context, combining T1 and T2 relaxation times, as 
demonstrated in the proposed framework, may provide 
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approaches for characterizing breast cancer. The obtained 
FW×M maps at various indices, with proper SNR, may 
enable visualization of early tumor spread. At lower values 
of the x-parameter, the details of breast structures adjacent 
to abnormal areas were better visualized on the FW×M 
maps, whereas higher x-parameter values rendered all 
breast elements visible.

Lu et al.62 compared breast density measurements of 
fatty and fibroglandular tissues using MRI and digital 
mammography and demonstrated that the correlation 
was stronger between the two MRI methods than between 
MRI and mammography. Furthermore, Jarrett et al.63 
presented a calibration-based protocol that predicts breast 
cancer, and a quantitative perfusion and diffusion model 
to generate spatially resolved predictions of individual 
tumor response to therapy. In addition, Patel et al.64 
developed a biological mathematical model to predict the 
response of patients with locally advanced breast cancer 
to neoadjuvant therapy, describing the spatiotemporal 
changes in tumor cell numbers using a logistic regression 
model based on predicted tumor volume metrics. As 
anisotropic diffusion is typically assessed with DTI—a 
method that applies diffusion gradients in several spatial 
directions—Ortiz-Abellán et al.65 proposed a classification 
model to distinguish healthy from tumor-affected pixels 
and to evaluate isotropic tissues such as the breast. For 
isotropic diffusion, the mathematical modeling of diffusion 
signal evolution is generally based on exponential decay 
functions. The most commonly used model is the mono-
exponential model, which introduces ADC to represent the 
total effect of both slow and fast displacements. However, 
this model does not differentiate among the underlying 
diffusion mechanisms. To address this problem, the IVIM, 
a pseudo-biexponential model, has been proposed to 
separate slow diffusion from fast diffusion. Although the 
IVIM model is theoretically more physiologically relevant, 
the mono-exponential model is still the most broadly used 
due to its simplicity.

Davenport et al.66 developed a coupled ordinary 
differential equation model of TNBC with compartments 
that represent tumor proliferation, necrosis, apoptosis, 
and immune response to computationally describe 
the biological effects of combined chemotherapy with 
doxorubicin and paclitaxel. Their model was parameterized 
using longitudinal 18F-fluorothymidine positron emission 
tomography (PET) imaging data, allowing for a non-
invasive molecular imaging approach to quantify tumor 
proliferation and volume in two murine TNBC models. 
In general, a robust mathematical model should describe 
both tumor volume changes and the extent of necrosis 
to provide insight into the optimal ordering, dosing, and 

timing of doxorubicin and paclitaxel treatment. Campana 
et al.67 reported the use of radiomics in MRI images for 
pre-treatment molecular characterization of breast tumors, 
thereby improving existing predictive models. Dedicated 
breast PET systems can achieve higher spatial resolution 
compared with whole-body PET and enable tumor 
delineation comparable to MRI, while also providing 
metabolic information that often precedes the vascular 
and morphological changes induced by treatment. 
The integration of these imaging-derived factors is 
accomplished through multiparametric imaging.

In the present study, the TLF was introduced as a 
combination of three parameters: T1, T2, and α, which can be 
zero for a specific value of α (Equation [3]). When the TLF 
function becomes zero, α reaches its maximum value, and 
the corresponding line coincides with the horizontal axis. 
Plotting the TLF function yields a maximum amplitude, 
which we expressed as a percentage of the maximum 
width at a given x-value. By taking the inverse of the TLF 
function, an interval called FW×M was determined. This 
parameter represents the difference between the maximum 
and minimum α* values (Equation [5]). As the x-value 
changes, both the maximum and minimum α* values vary, 
resulting in a specific FW×M parameter for each image 
pixel. Calculating this parameter across all pixels yields a 
composite FW×M value for the entire image. Subsequently, 
SNR was calculated to assess structural visibility across 
the breast. As the x-value increased toward 1, as shown 
in Figure 4, the details of healthy areas and tumor regions 
became more clearly visualized. In general, higher x-values 
improved the visualization of overall breast structures. 
The corresponding SNR values as a function of x (ranging 
from 0 to 1) are shown in Figure  5. Because FW×M 
represents the difference between the minimum and 
maximum α* values, SNR calculation facilitated clearer 
detail recognition across the image, particularly at higher 
x-values (SNR = 16.5×−0.096). As shown in Figure 5, various 
regression functions were fitted to the acquired graph, and 
the optimal equation was identified as:

y=ax−b� (6)

This innovative index (b) of −0.096 enables the 
visualization of breast structures and finer details at 
various stages, supporting the quantitative assessment of 
potential breast cancer indicators. Overall, the SNR values 
decreased from 31.24 to 19.37 as × increased from 0.01 to 
1, with minor fluctuations observed between the × indices 
of 0.11 and 0.90, corresponding to a slight linear slope of 
0.14.

Since artificial intelligence (AI)-based imaging 
algorithms can predict invasive breast cancers, the 
integration of AI into cancer detection and prediction has 
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the potential to revolutionize oncology and improve patient 
care.68,69 The use of various machine learning algorithms, 
such as deep learning,70 has become common practice 
for assessing tumor grade and improving the accuracy of 
breast cancer prediction. In addition, combining advanced 
diagnostic and treatment strategies can shorten the patient 
evaluation period.71-76

Clinically, a painless, firm mass with uneven edges is 
often suggestive of malignancy, particularly when located 
in deeper levels, and may become tender or rupture over 
time. Other characteristic features of breast tumors include 
swelling, skin dimpling or irritation, breast tissue or nipple 
pain, redness, scaling, skin or nipple induration, and nipple 
discharge or retraction.77-80 Anatomically, the mammary 
glands consist of a vast chain of lobular ducts lined with 
epithelium that secrete milk, which drains through 
larger milk-bearing ducts converging at the nipple. These 
glandular structures are embedded within supporting 
fatty tissue, and the breasts are divided into lobules by 
connective tissue. The maps obtained in this study were 
able to depict these anatomical structures and surrounding 
tissues at various stages with finer details.

5. Conclusion
The accurate prediction of breast cancer growth dynamics 
is a critical component of personalized oncology, 
influencing treatment planning, timing of interventions, 
and prognostic assessment. While DCE-MRI provides 
exceptional soft-tissue contrast and captures physiological 
parameters related to tumor angiogenesis, current clinical 
evaluations are predominantly qualitative or semi-
quantitative. This study proposed the definition and 
theoretical foundation for a new mathematical function, the 
TLF, designed to quantitatively model and predict tumor 

growth by integrating key biomechanical and physiological 
parameters derived from T1- and T2-weighted images. This 
function, along with its corresponding index, enables the 
estimation of tumor-related signal changes across different 
stages, thereby supporting more informed treatment 
planning. The outcomes revealed that the generated maps 
demonstrated adequate SNR. Overall, the development of 
such a predictive function holds significant potential for 
advancing precision medicine in breast cancer care.
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