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Abstract: This paper proposes to build adeliable prospect forecast system for scientific research projects in order to
effectively predict prospects of scié€ntific reésearch projects in universities and further improve conversion rate of scientific
research results. The system is based\on neural networks and a network platform shared by scientific research projects. A
model is generated by parameterizing characteristics of a large number of various scientific research projects, using the
non-linear mapping ability,"adaptive ability and generalization ability of BP (Back Propagation) neural network. Then, the
model is used for reliable forecast of a new project from multiple dimensions. Experiments show that the prediction results,
produced by the BP neural network algorithm after learning a large number of pre-processed samples, have high accuracy,
and can be updated and adapted with new sample input. Therefore, this method is highly feasible.
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Tab.1 Data table of training samples

FARGYS  R¥EL FHAE2 FHAES FHE4 FHES BV
1 0.75 1.0 1.25 1.0 0.75 A
2 1.75 2.0 1.75 2.0 1.75 A
3 175 L7 1.25 175 1.5 A
4 2.0 2.0 1.25 0.5 1.25 A
s 1.25 2.0 1.0 1.0 1.25 A
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Train End!
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Fig.2 The training result of BP neural network
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