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Table 1 RNA yield and LCM cell estinite

Tissue Exp b1 NanoDrop (ng/nl) Total RNA {ng) Laser fires per cap Coll Caunt per cap®  Coll Caunt per sample’
MA( 79108 (2.1, 167) 8.6-08 23, 17.8) s 24,6087

MG (2=27) 45404 (18, 104) 29-05 (L8, 145) W 810 3

. ) don was observed and NanoDrop Trorm both MA (0,88,
p el s were ekt hase onth fuala developed hy Fspna tal. 111, Spot s ranged o
1 i for MG A typical cell dia um was used for al at ary poe g percent averlsp was kept

cells on each cap
of cell here er cells < variability i c

 RNA deyrdation and the dispensed nature
i per cap

A okl of o caps were dissected each MA snd eight caps from ach MG specimen
sample, caricd through the sample preparation process, and  § Conclusions
ke internal contral genes” [30]. The uu,. s, ,mw

The intent of this manuseript was 1o improve upon the
original Histogene protocol for LCM by shortening
incubation times and eliminating steps in the procedure,
In addition, the high adipose content present in normal

the IVT reaction, whe
processing. In our experim
lys, phe, and dop were <3 ( |’|ME 2), which
sumple processing was of high quality

4.6 Hybridization Controls: bioB, bioC, bioD. and cre

3 r pre

ed as an mdmarm nf successful

hybridization, washing. and staining. Anticipated results
should demonstrate an increasing signal trend in the following
cre. In qur experiments, the

order: biol < hioC: = binl) =

elliciency of sample hybridization reached expectation. anatomical oricntation and facilitate cryosectioning. Best

“Table 2 Quality control of 42 GeneChips™

ttem MG MA Overall Expected
Buckground 5514 100
23102 <5
65106 a5
20107 o
10402 1
32409 <3
19106 3
1562493 Increasing siepwise trend (biaR, biC, biaD, and ere)

46601125

252051730

*Values ave means + SEM
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Immunity & Ageing 2005, 2:10

Table 3: Anti-PPS specific 1gG sotype levels in young and elderly.

hitp:/iwww immunityageing, com/content/2/4/10

Pre-immune, GMC  Post-immune GMC Palue
@5% CI) (95% i

1¢GI

PPS4 Young 013 (006) 035 (0.18) 0.001
Elderly 0.14(009) 033(038) 0051

PPSI4 Young 087 (0.13) 359.(033) 0.001
Elderty 053 (0.44) 119 095) 0015

162

PPS4 Young 103 (037-169) 514 (0.64-964) 0010
Flderly 083 (0.04-1.62) 1.9 (098-2.94) 0.005

PPSI4 Young 218 (1.86-250) 1233 (451-20.15) 0.002
Eidorly 136 062-2.10) 478 237-7.19) 0.004

‘Geametric mean concentration (GMC g/l of ani-PPS antibody in pre-and

messured (ollowing sbsorprion with CPS_P vlues shown in b ndéoe sghcan dference between pe and pos immonizadion by ewo tled

paired students T-test

pre-immune and 15.6% in post-immune sera in compar-

either all elderly (50%
(83% and 90% respectively).

Immunoglobulin Isotype and Subclass
The predominant immunoglobulin isotype expressed in
response to both PPS4 and PPS14 consisted of IgG.
Despite a significant increase from pre-t0 post-immuniza.
tion, the GMC of the PPSspecific IgM and IgA antibody
concentrations in response o both PPS did not exceed
nicrogram per millilitre in young or elderly. Moreo-
here was no slu\mumdlilxmmem citherlghtor g

h
concentrations in young a mmm.n) alike, but not signifi-
cantly so.

As shown in Table 3, the IgG response to PPS4 and PPS14
was dominated by the IgG2 subclass in young and elderly
adults as previously reported [19,20]. In response to PS4,

675 10 80.5 % of the total IgG antibody concentration

or pre-to post-immunization
ostimmune total PPS14-spe

tibody, 63.7 10 73% of the response consisted
of IgG2 with no significant difference between age groups.

between young and elderly

Additional absorption of sera with PPS22F did not affect

cither pre-or post-immunization IgG1 PPS4 or PPS14
up or ¢

ponse o PPS:

concentrations in eil
PPS14. Howev
PPS22F significantly reduced pre-and post-imm
1gG2 concentrations in both young and elderly
7% with p = 0.019 10 0.025)

1§G2 response to
absorption with
zation

(17 t0

Opsonophagocytic Activity
Opsonophagocytic activity was measured in pre-and post
immunization sera against pneumococcal serotypes 4 and
14. Geometric mean titers (GMT) and ranges are shown in
Table 4

In response to serotypes 4 and 14 both young and elderly
demonstrated a significant increase pre-to post-immuni.
zation (p range 0.0003-0.001). There was no significant
difference between the opsonophagocytic titers in young
and elderly for either polysaccharide (p range 0.203-
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