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He3bPeKTUBHOCTL
TeKcTa
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KaK CpeACTBa nepejayn 3HAHWW OT rONIOBbLI K FON0BE

7

M3-3a 3aTpaTt Ha KoAgnpoBaHWne 3HaHWW B TEKCT U AEKOANPOBaHWE X U3 TEKCTa O6paTHO

MO Ba>XHOCTN, NepapXmuyecku

npu TOM, 4TO B N0J/10Bax
3HaHWA CTPYKTYPUPOBaHbI 06pa3Ho, HEUETKO, HETOUHO

k 4YaCTU4YHO, ¥ BCEX MO-Pa3HOMY

HeNor’M4YyHoOCTb, HETOUYHOCTb, HEMNOJIHOTY

N36bITOYUHOCTb TEKCTA
MOXeT CKpbIBaTb MaHUMyaaumnn, 3a6ﬂy)K,£l,eHMFI, obmaH

k by, aemaroruto, rpapomMaHunto

HEMOCTUXUMbIA 06 BEM TEKCTOB, HAaKOMNEHHbIX YeN0BEUYECTBOM

«~—>— pelaemas
\ Unyrém

-y nepexoga ot JIMHENHbIX TEKCTOB

K pagnaHTHO CBA3HOW Kapte 3HAHUM
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