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belt at high temperature J . Materials Letters 2015 40: polyimides based on 4 4°-bis ( 3-aminophenoxy) biphenyl
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The Synthesis and Characterization of Polyimides from
A Novel Synthesized 3 3°—( m—Phenylene) Dianhydride Monomer

XU Wenhui YANG Ting YU Ying ZHANG Chunwu DING Yichun HOU Haoqing”
( College of Chemistry and Chemical Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: 3 3’ m-phenylene) dianhydride(3 3°-RsDPA) monomer is synthesized by using 3-ehlorophthalic an-
hydride and 1 3-benzenediol as raw materials and the reaction time and temperature are optimized for the synthe-
sis. Subsequently a series of polyimide( PI) molding powder are prepared by the polymerization of the 3 3"-RsDPA
with 4 47-oxydianiline(4 4°-ODA) 4 41 3-phenylenedioxy) dianiline( TPEQ) 1 4-diaminobenzene( PDA)
and 1 3-diaminobenzene ( MPD) respectively followed with chemical imidization. During the polymerization
phthalic anhydride ( PA) is used as the blocking agent. The thermal and mechanical properties of the synthesized
polyimides are characterized. Results show that the polyimides exhibit excellent thermal stabilities with the 5%
weight loss temperatures ( 75, ) being 525 ~531 C and 526 ~538 °C respectively under air and nitrogen atmos—
phere. With the increase of the rigidity of diamine monomer the glass transition temperature( 7T,) increases from
218 °C to 261 °C. When the diamine monomer is PDA  PI( 3 3°"-RsDPA-PDA) shows obvious melting crystalliza—
tion behavior and the melting temperature( T,) is 327 °C. The excellent thermal property and good processability
enables the synthesized polyimide powders to have potential application in 3D printing technology.

Key words: 3 3°-RsDPA; synthesis; polyimide; 3D printing; melt crystallization

( 81 )
The Generalized Cognitive Diagnosis Method Based on Weighted Distance

LUO Hui XIONG Jianhua WANG Xiaoqing TAN Yanfang GAN Dengwen’
( College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: Cognitive diagnostic model( CDM) is an important part of cognitive diagnosis the main aim for CDM is to
discriminate examinees into different classes. Although there existed a lot of CDMs researchers proposed many new
CDMs still. Among them the generalized distance discrimination ( GDD) and the hamming distance discrimination
( HDD) have some advantages such as simple and easy to use high classification accuracy thus receive more and
more attention. Mahalanobis distance discrimination( MDD) is a generalized CDM GDD and HDD are the special
cases. Mahalanobis Distance( MD) is employed for MDD to calculate the distance between an examinee’s Observed
Response Pattern( ORP) and all kinds of Ideal Response Pattern( IRP) and specifies the Shannon Entropy as
weight. According to the principle of minimum distance and special test design IRP can be mapped one-to-one to
the state of knowledge. Under binary scoring model the pattern match ratio and average attribute match ratio were
selected as the criteria for evaluating the classification accuracy the Monte Carlo simulation study show that the per—
formance of MDD was better than GDD and HDD.

Key words: GDD; HDD; Q matrix; shannon entropy; Mahalanobis distance



