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    In survival analysis tasks, deep learning–based 
models  such as DeepSurv and DeepHit  are 
designed to handle one-dimensional time-to-event 
data, with the primary goal of estimating an 
individual’s survival probability as a function of 
time. However, conventional approaches that 
process input data in its original one-dimensional 
form may overlook latent spatial  structural 
information—particularly relevant in certain types 
of biomedical or clinical data. To address this 
limitation, we propose an innovative strategy: 
transforming one-dimensional feature vectors into 
grayscale images. This conversion encodes the 
original data into a two-dimensional spatial 
representation, thereby introducing structural 
priors that enable deep models to capture more 
complex and nuanced patterns. Our ultimate 
objective is to develop a predictive model that 
analyzes the impact of atmospheric environmental 
factors on breast cancer prognosis.

Introduction
    To more effectively capture the inherent latent 
structural dependencies in clinical tabular data, we 
propose a novel preprocessing paradigm that 
reformulates one-dimensional (1D) patient feature 
vectors into two-dimensional (2D) grayscale image 
representations. This spatial embedding enables 
Convolutional Neural Networks (CNNs), through 
hierarchical convolutional blocks, to exploit local and 
global spatial correlations among clinical variables 
that would otherwise remain obscured in their 
original vector form. 
    Concurrently, geolocated meteorological image 
s e q u e n c e s — s u c h  a s  P M ₂ . ₅  c o n c e n t ra t i o n s , 
temperature, and wind speed—are processed using 
V i s i o n  Tr a n s f o r m e r s  ( V i Ts ) ,  w h o s e  s e l f -
attention–based encoder architecture effectively 
m o d e l s  t h e  s p a t i o t e m p o r a l  d y n a m i c s  o f 
environmental exposures. The resulting clinical and 
environmental  feature embeddings  are  then 
integrated v ia  a  cross-attent ion mechanism, 
facilitating adaptive, context-aware fusion that 
captures the interplay between individual-level 
clinical profiles and ambient atmospheric conditions 
in the context of breast cancer prognosis.

Methods 
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Figure 1. Schematic diagram of model structure

    All clinical data were retrieved from the Shanghai Jiao Tong University Breast Cancer Database 
(SJTU-BCDB) and Sun Yat-sen Memorial Hospital, Sun Yat-sen University.This dataset includes 
data from 17,438 breast cancer patients diagnosed between 2000 and 2022, covering the period 
from diagnosis to follow-up.
    Meteorologica dataset is provided by National Cryosphere Desert Data Center.ChinaMet is a 
high-resolution (1 km) and long-term (1980–2024) all-sky meteorological forcing dataset for 
China, developed by integrating multi-source remote sensing data, reanalysis products, and in-
situ observations from more than 2,000 meteorological stations. It includes eight meteorological 
variables: precipitation (pre), 2-meter mean air temperature (tmpmean), maximum temperature 
(tmpmax), minimum temperature (tmpmin), 10-meter wind speed (wind), relative humidity (rhu), 
surface pressure (pres), and potential evapotranspiration (pet).
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