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Heart physiological and pathological age estimation based
on wrapper deviation regression
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Abstract: Researches show that a person age is highly related to his heart. Heart age is very important for
examining and monitoring of the heart’ s state. Two algorithms for estimating the physiological and
pathological age of the heart were proposed based on data mining technique. The first algorithm is based on
a regression model for healthy people by using the mean absolute error (MAE), while the latter is based
on a regression model for all types of people by considering the age deviation. The optimal age deviation is
searched within the range of deviation candidates and is obtained by maximizing the classification accuracy.
Based on the optimal age deviation and real age, the heart pathological age is obtained. The public heart
dataset is used for verification of the proposed algorithm. Experimental results show that two estimated
heart ages are better than the real age, with the apparent significance level the lower than 0.01. Compared

with the current heart age estimation algorithm, the heart pathological age estimation algorithm can lead
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to the better classification capability and is more helpful with improving the classification accuracy of heart

disease as a marker or feature. Besides, a new concept

heart pathological age is proposed for the first

time, and which may help provide an effective marker for monitoring and supervising heart health.

Key words: heart disease; diagnosis; heart physiological age; heart pathological age; machine learning
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Tab.3 Fitness values under different conditions
NC_HD
experiment methods without age detection HeartAge Estima Path_HeartAge_ Estima
Mean Std Mean Std Mean Std

distance 0.080 4 0.029 0 0.367 6 0.134 4 0.660 4 0.196 1

No FS
correlation 0.267 5 0.048 3 0.507 5 0.069 7 0.621 2 0.060 9
distance 0.080 4 0.029 0 0.407 2 0.212 0 0.738 6 0.223 2

P_value
correlation 0.267 5 0.048 3 0.516 4 0.094 5 0.642 6 0.056 8
FS
distance 0.080 4 0.029 0 0.381 9 0.160 5 0.648 4 0.168 3
PCA

correlation 0.267 5 0.048 3 0.510 9 0.081 2 0.620 0 0.053 0
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Fig.2 Comparisons of estimated heart ages



