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Abstract

Pre-disease state is a critical stage of the disease state. Patients in this state can return to the
normal state as long as they receive reasonable and effective treatment. Therefore, it is of great
significance for medical workers and patients to detect the pre-disease state. In this paper, an al-
gorithm is developed to establish the sampling-specific temporal differential network (SSDN)
based on the individual single sample, and according to the sampling-specific temporal differen-
tial network, the signal of disease progression can be detected effectively. The validity of the me-
thod is verified by numerical simulation and two real data.
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Figure 1. Flow chart of construction of sample-specific temporal differential network
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Figure 2. Eight gene regulatory networks and
their differential equations
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Figure 3. The line chart of numerical simulation and the sample-specific temporal differential network
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Figure 4. The line chart of early-warning signals, the dynamically changes in the network and overturn network during the
progression of prostate cancer
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Figure 5. The line chart of early-warning signals and the overturn network during the progression of
liver cancer
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