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Stratigraphical excavations on multi-layers archaeo-

logical sites imply a large number of data that has to
be stored and analysed. The data cover information
both on stratigraphy and on the strata themselves.
Various models of documentation were designed to
record the description of cultural layers. The inven-
tory of layers used on the Medieval site of Oslogate

6 in Oslo (excavations conducted by Mr Peter Mol-
aug), consisted of separate cards containing usual

information: stratigraphical context, levellings, sche-

matic plans of layers. In season 1988 was added a

detailed description of layers. The design of the in-
ventory made by Mr Andrzej Golembnik was based

on archaeological experience and field practice on
multi-layers sites, where the layers contained many
mineral and organical components. The stratigraphic
part of the inventory was filled in by the archaeolo-

gists working in trenches. The description of each

layer was made by the same archaeologist for the

whole site. It was done on the basis of a visual
examination of the layer in situ as well as a careful
analysis of a sample which had been rinsed on a
fouilevel sieve. The analysis of the descriptive part
will be the subject of our paper.

Parameters describing each layer are divided into 3

main groups (I1.1). The card begins with a label
containing the inventory number, the Munsell color
codes and shade. In a first group 13 physical features

are characterized by means of a S-points scale (0..4).
The contents of the layers are described by 37 com-
ponents of: mineral, animal and botanical origin as

well as excrement and humus. Every component was

marked as a percentage of the whole content, so the

total of all entries in this group should give IOO%.

Additionally, the state of preservation of some of the
components was noted. The card ended with an at-
tribution of the given (described) layer to one of six
possible categories of interpretation. These were
written down as separate classes:

class A denote - natural layer;
class B - layer of levelling;
class C - building layer;
class D - habitation layer;

class E - destruction layer;
classF-other cases.

Each description was completed with an explanation
of whether the layer was found ninsitun, "spreadn or
"redeposited". Thus the assignment of each layer to
one of the six predefined classes was the final step

ofthe procedure ofthe analysis and description. The
inventory of layers which after excavations was

stored as a computer database contains a lot of in-
formations in a form of recorded numbers. As a do-
cument of archaeological activities, it contains the

record of numerous observations made in the field
which can be of great help as a support of the
author's memory when preparing the final publica-
tion.

Such a way of describing the layers allow for draw-
ing a comparison between layers. Cards were filled
by archaeologists according to their observations and

intuitive interpretations but nothing was measured
nor weighted. Though the classifications were judged

by eye the descriptions should reflect relations
between several components.

To uncover those relations hidden behind amounts
of numbers one has to apply statistical methods. Our
aim was to check if the Oslo inventory really con-
tained anything more than observations and intuitive
interpretations. Because the inventory was made by
two archaeologists (A and B) working successively
on the site, we could study also differences in
methods of work of the two.

703 layers were recorded in the season 1988 (330 by
archaeologist A and 373byB). The numbers of lay-
ers by classes for the archaeologists, (first for A and

then for B), are as follows: for class A - 4 and 0, for
class B 104 and 63,for class C 55 and 22, for class

D l52and 278,for class E 11 and 10, for class F 4
and 0.

We have computed the average value and standard
deviation for every parameter in order to discover
characteristic features shared bythe layers belonging
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to one class and also the attributes distinguishing the
classes.

Since the archaeologists have estimated the degree

of intensity of specific physical features, it would be

expected that each class of layers should be deter-
mined by certain composition in the pattern of val-
ues.

Examination of computed average values of all
physical parameters showed that they were obviously
clear and distinct in the case of destruction layers
(class E), especially for burning, scorching and

elasticity. This observation was valid for both ar-
chaeologists. Inclination and accumulation took the

highest values for all classes. For that reason the

latter parameters could not been used as a tool for
distinguishing between the layers. The chi-square
test made in order to measure the association
between the classes and specific values of physical
features, gave generally negative results. Only the

most numerous classes could be taken into account
and the test indicated stronger association ofinclina-
tion and accumulation with three classes: levelling,
construction and habitation layers.

As in the case of the examination of physical fea-
tures, the analysis of the components did not give
satisfactory results, since all layers were built of the
same main components: humus, sand, clay and

chips. The only differences raised from the fact that
they were present in various proportions and con-
nected with divers minor components.

The levelling layers (class B) which are build mainly
of chips and humus have noticeable portion of
excrement,sand and clay. Archaeologist A recorded

more stones and straw.

The components of the building layers (class C) are
more differentiated, although here chips, humus and

clay are also the most significant. Values of organic
components are higher in the records of archae-
ologist A while archaeologist B noted larger portion
of clay with distinct inclusion of charcoal. A surpris-
inglyhigh mean of shell for A's layers is incidental,
owing its value to large number of shells found in
one layer of the C class. In the habitation layers
(class D) the proportions of every basic components
(chips, humus and animal excrement) is on the
same level. This class is characterized by larger
amounts of nut and moss. Significant addition of
straw in the records of archaeologist A corresponds
with similar amount of straw and grass in archae-
ologist B description.

Large differences between the two archaeologists

occurred in records of the destruction layers (class

E): A noticed mainly stones, sand and clay along
with organic components, while B described the class

as built of mineral components with predominance

of charcoal and lime. High mean of other botanic
components (A) was caused by one record again.

Since only one archaeologist assigned some of the
layers to the A and F classes and in both cases a

very few of them (4+4), it is difficult to draw any

conclusion concerning these two classes. Natural
layers (class A) was made of sand and humus which
is what can be expected. The high mean of lime in
class F was caused by one record only.

There was a constant difference between the two
archaeologists irrespective of the class: in almost all
cases the standard deviation of archaeologist A re-
cords was noticeably higher. It probably reflects
mental distinctions between them, which influence
the consistency and precision of the estimations.
We have also computed all mutual correlation co-
efficients. These coefficients are close to znro in
most cases (only in a few cases they exceed 0.5)
which suggests, that the parameters are statistically
independent. The number of high coefficients de-
creases with the increasing number of layers indi-
cating that they are mainly coincidental. One ex-
pected that burning and scorching should give a

high correlation coefficient, but that was true only in
class B for archaeologist A and in class D for both
of them. Another expectation concerned a probable
high negative coefficient of the pair lamination and

granularity: that proved true for one of the archae-
ologists only (classes B, D, E). Most probably the
other archaeologist did not obey the same rule as

the first one, or was more inconsequent with his
recording system.

The analysis of means proved that in some instances
the classes of layers could be charccterizrd by
average values of certain parameters. The result
concerns whole groups of layers and does not give
indications for assignment of an individual layer to
the proper class. We performed the so called discri-
minant analysis with the purpose of finding a tool
which could test the relation of values of all parame-
ters to the intuitively generated classification, and

which also could help the archaeologist to classifu
newly explored layers. The discriminant analysis tries
to f,rnd the mathematical function (discriminant

factor ot dis criminator) that best characterizes groups

of measurements within given classes of objects and

then uses this function to allocate individual objects
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to the correct classes (see Appendix 1 for details). It
is necessary to test the value of the discriminator by
using it to classify the same data, and compare the

resulting classification with the original one.

We made four experiments with the discriminant
analysis: we performed it for each archaeologist
separately, for all classified layers together and

finallywe let the aomputer find the discriminator on
the base of the layers of archaeologist B and then
use it to classify the layers of archaeologist A. Table
1 presents the results in absolute values and in per-
ceniage: the numbers of originally classified layers
(columns) assigned to the classes by the computer
(rows). In the case of an ideal identity of both
classifications, all the extra-diagonal numbers should
be equal to zero and the diagonal ones equal to
LOO%.

The results of the first two experiments are similar
(tab la and b). They show real resemblance of the
criteria used by the archaeologists and the com-
puter to distinguish classes D ftabitation) and E
(destruction), while Classes B (levelling) and C
(building) are not so precisely defined. Because

archaeologist B had problems with distinguishing
between his classes B and D, the computer erone-
ously assigned as many as 30% of levelling layers to
class D (habitation). Generally, archaeologist B:s
layers were a little better defined than those of
archaeologist A,withexception of classB. Classes A
(natural) and F (other) gave the best results: 100%
of them were correctly classified by the computer.

Results of the third experiment, (tab lc) made for
all of the layers together, were expected to be worse
than previous, which proved true (with exception of
classes A and F). The earlier noted differences
between the archaeologists were confirmed by a
large number of wrongly classified layers.

The fourth experiment (ab ld) shows that, at the
moment, it would be rather dangerous to use a com-
puter instead of an archaeologist's experience. The
computer trained by archaeologist B was unable to
classifycorrectly archaeologist A layers (except class

D). Especially interesting is the complete mis-inter-
pretation of class E through the assignment of 72Vo

of the destruction layers to class D and none of
them to their proper group(!).

Table 2 gives an answer to the question: which of
the parameters are helpful in classifying the layers?.
Only parameters having more than one case of high
percentage are significant and can be used to distin-

guish between the respective classes. Setting aside

classes A and F the best results for archaeologist A
gave: shade (classes C and D), inclination, twigs
and seed (D,E); for archaeologist B: burning and

scorching (B,E), accumulation and grass (D,E).
The results show that some of the physical feafures
as well as some of the components can be used to

differentiate between certain classes, and especially

between habitation and destruction layers.

In order to check if the computer could be useful in
establishing an independent classification of layers,
we performed the clustering analysis. We applied
K-means clustering algorithm, using minus logarithm
of probability as a measure of distance (for details

see Appendix 1 and J.A. Hartigan, ClusteringAlgo-
rithms 1975). The optimal number of classes for the
algorithm turned out to be 4. The procedure starts
with random allocation of layers to 4 groups. Then
the program works in a loop, moving layers from
one group to another, trying to form clusters of the
most similar objects. To measure the progress of the
process the chi-squared test is made after each loop
(iteration). The program was stopped when the two
consecutive iterations gave the same result of the
test. Table 3a shows the most interesting output. The
new classification produced by the clustering pro-
gram is similar to the intuitive one for well defined
classes C, E: more than 5O% of layers belonging to
each of them was assigned to one cluster.

Results of this method depend on the initial ran-
domly created groups of objects. The program pro-
duced a classification most similar to the original
one when the initial groups were identical with our
classes B-E (tab 3b). This experiment demonstrated
that the intuitive classification has quite a good

mathematical basis, again with exception of class B.

Conclusions

The analyses of the data stored by the inventory of
layers demonstrate that the intuitive classifications
elaborated by the archaeologists can be supported
on more scientific grounds. However, because the
definitions of classes are lacking in precision it
seems impossible to use a computer as an expert re-
placing the archaeologists. The machine can help to
examine records, to point out human errors or to
discover weak points of the system.

Our analysis showed that only 5 from among 13

physical features could be really used, at the mo-
ment, to distinguish between classes of layers. It
seems that it would be better to apply a smaller
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Table la. DISCRMINANT ANALYSIS (52 variables used). model: A' data: A

00
9.1 0
00
00
90.9 0
0 100

00100
100
000
000
1000
040

100
62.5 18.2 9.2
t2.5 61.8 7 .2
18.3 t6.4 83.6
4.8 3.6 0

100

Total number of classified layers: 330

Percentage

DE

0
t4
ll
t27
0
0

152

10
65 10

13 34
199
52
t0

A4
BO
c0
DO
EO
FO

Absolute values

TOTAL 4 ll55104

Table lb. DISCRMINANT ANALYSIS (52 variables used). model: B, data: B

Percentage

BC

000
58.7 9.1 5

9.5 77.3 2.5
30.2 13.6 92.t
r.6 0 0.4
000

Absolute values

ABCDEFA

00
100
00
00
900
00

A000000
B03721410
c0617700
D019325600
E0l0t90
F000000

0
0
0
0
0
0

Total number of classified layers: 373TOTAL O

Table lc. DISCRMINANT ANALYSIS (52 variables used). model: A+B, datå: A+B

00
9.5 0
00
4.8 0
85.7 0

0 100

0000
153920
483800
1234810
25180
0004

B

I
8l
30
43

ll
I

167

A4
BO
c0
DO
EO
FO

Percentage

BC

100 0.6 0 0
0 48.5 19.5 9.1
0 18.0 62.3 8.8
0 25.7 15.6 80.9
0 6.6 2.6 1.2
00.600

Total number of classified layers: 703

Absolute values

77 7430 2lTOTAL 4

Table ld. DISCRIMINANT ANALYSIS (52 variables used). model: B, data: A

Percentage

BC

000
36.5 43.6 2l.7
3.8 1.8 1.3
59.6 54.5 76.3
000.7
000

Absolute values

00
27.3 75

00
72.7 25

00
00

A0000000
823824333350
c0412000
D262301168150
E0001000
F0000000

ll Total number of classified layers: 330
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Table 2a DISCRMINANT ANALYSIS (52 variables used). model: A, data: A

Absolute values

ABCDEF

Percentage

ABCDEF

0 0 0 I 3 75 0 0 0 9',15
0 34910 2 0 0 6260 0 50
0 0 0 9 | 75 0 0 0 8225
0 55 0 6 2 0 0 1000 55 50
0 0 1386 3 0 0 0 91 55 75

370 0 2 3 50360 0 1875
380 0 6 3 0 37 0 0 5515
470 34t 4 50450 22 9 100

0 0 ll01 4 0 0 0 72 9 100

0 0 34r 4 75 0 0 22 9 r00
564 605 2 0 547 3945 50

0 101 3 3 500 l8L 2775
0 190 6 2 500 35 0 5550
0 I t067 2 0 0 2 70 64 50
0 0 808 2 25 0 0 5373 50
290 0 7 4 0 28 0 0 64 100

0 0 t244 I 0 0 0 82 36 25

0 0 46 0 3 500 0 300 75

0 I 480 4 0 0 2 32 0 100

0 0 59 0 4 25 0 0 39 0 100

0 0 697 0 500 0 45640
0 0 1222 3 0 0 0 80 18 75

0 0 2 tt l 0 0 0 l 10025
0 0 3 2 4 0 0 0 2 18100
0 956 0 0 0 0 63550 0

0010400010100
0001400009r00
0 0 480 4 0 0 0 32 0 100

270 0 3 4 0 26 0 0 27 100

100 0 0 4 0 100 0 0 100

360 0 | 4 0 350 0 9 r00
161004015200100
0 0 4 0 4 500 0 3 0 100

0040400030100
210 260 4 0 20 0 170 100

0 l 53 4 0 750 2 35360
0 t2 1186 0 25 0 22 78 55 0

0 15 1047 0 0 0 27 68 64 0

25322 0 4 0 24 581 0 100

0 0 34t 4 0 0 0 22 9 100

0 0 160 4 0 0 0 110 100

0100400200100
210 220 4 0 20 0 140 100

0 2 0 11 I 0 0 4 0 10025
0 0 440 4 0 0 0 29 0 100

0 0 99 0 3 500 0 650 75

0310400510100
0201400409100
41 0 0 0 3 2539 0 0 0 75

0030400020100
0 0 90 1l 0 0 0 0 59 1000
00034000027100

coloR 3

SHADE O

LEAKAGE 3

BURNINC O

SCORCHING O

HOMOGENEITY 2

COHESION O

LAMINATION 2
GRANULARITY O

MOISTURE 3

ELASTICITY O

COMPACTNESS 2

HUMIFICATION 2

INCLITATION O

ACCUMULATION I
STONE O

GRAVEL O

SAND 1 2

SAND 2 O

SAND 3 I
LOAM 2

CLAY O

LIME O

ASH O

CHARCOAL O

OTHER MIN O

INSECT O

BEETLE O

BONES O

HORN O

HAIR O

SHELL O

OTHER ANIM 2

EXCREMENT H O

EXCREMENT A O

HI.JMUS 3

CHIPS I
TWIGS O

BARK O

CONIFER O

LEAVES O

CATKIN O

MOSS 0

ROOTS O

CHAFF O

STRAW 2
CORN O

GRASS O

NUT 1

FRUIT STONE O

SEED O

OTHER BOT O

104 55 152 ll 4 Total number ofclassified layers:330

51

TOTAL



Table 2b DISCRMINANT ANALYSIS (52 variables used). model: B, data: B

Absolute values Percentage

ABCDEFABCDEF

0 63 22 278 l0 0 Total number of classified layers: 373

0 5 5 t276 0 0 8 23 46 60 0

0 0 0 l7l 10 0 0 0 0 62 1000
0 0 9 1806 0 0 0 41 65 60 0
o 508 0 7 0 0 79 360 700
0 505 0 9 0 0 7923 0 900
0 4 9 2100 0 0 6 4t 76 0 0

0 38130 6 0 0 60590 600
0 15 0 1856 0 0 24 0 67 60 0

0 0 13 t727 0 0 0 59 62 70 0

o 27 163 3 0 0 4373 I 300
0 25 10497 0 0 4045 18700
0 28160 2 0 0 4473 0 200
o 43 I 1043 0 0 68 5 37 30 0
0 7 150 6 0 0 n680 600
l 0 2228 0 0 2 0 80 80 0

0 0 3 39 9 0 0 0 l4l4 900
0 12 0 2620 0 0 l9 0 94 0 0
00195320008619200
0 0 21294 0 0 0 9510400
0 0 22 0 2 0 0 0 1000 20 0
0 0 17663 0 0 0 7724 300
0 0 18 t670 0 0 0 82 60 0 0

0 620 t42 0 0 980 5 200
0 0 0 271 2 0 0 0 0 9'l 20 0

0 0 22 7t 2 0 0 0 10026 20 0

0 0 0 ll l0 0 0 6 0 4 1000
0 0 I 59 10 0 0 0 5 21 1000
0 0 0 0 10 0 0 8 0 0 1000
0 0 0 10310 0 0 5 0 37 1000
0 0 0 0 10 0 0 5 0 0 1000
0 0 0 22 10 0 0 2 0 8 1000
0 0 0 43 r0 0 0 0 0 15 1000
0 0 0 1209 0 0 0 0 43 90 0
0 0 0 29 l0 0 0 0 0 l0 1000
0 0 0 13910 0 0 0 0 50 1000
0 0 2t 684 0 0 0 95?4400
0 0 3 2565 0 0 8 14 92 50 0

0 0 4 2485 0 0 0 l8 89 50 0

0 0 5 2166 0 0 0 23 78 60 0
0 0 3 309 0 0 0 1411900
0 0 t t3 r0 0 0 0 5 5 1000
0 0 l 0 l0 0 0 0 5 0 1000
0 0 4 87 8 0 0 0 1831800
0 1018720 0 0 168226 0 0

0 0 0 2 l0 0 0 0 0 I 1000
0 0 4 13910 0 0 0 18 50 1000
0 0 0 0 l0 0 0 0 0 0 1000
0 0 0 2018 0 0 0 0 72 80 0

0 189 t 8 0 0 294t 0 800
0 23 3 0 9 0 0 37140 900
0 28 0 1079 0 0 44 0 38 90 0

0 l 0 1 l0 0 0 2 0 0 1000

COLOR
SHADE
LEAKAGE
BURNING
SCORCHING
HOMOGENEITY
COHESION
LAMINATION
GRANULARITY
MOISTI.JRE
ELASTICITY
COMPACTNESS
HUMIFICATION
INCLINATION
ACCUMULATIONO
STONE
GRAVEL
SAND I
SAND 2
SAND 3

LOAM
CLAY
LIME
ASH
CHARCOAL
OTHER MIN
INSECT
BEETLE
BONES
HORN
HAIR
SHELL
OTHER ANIM
EXCREMENT H
EXCREMENT A
HTJMUS
CHIPS
TWIGS
BARK
CONIFER
LEAVES
CATKIN
MOSS
ROOTS

CHAFF
STRAW
CORN
GRASS
NUT
FRUIT STONE
SEED
OTHER BOT

TOTAL
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scale to the description. Although the share of
components was noted as a percentage the archaeol-

ogists have used only a few values. One can con-
clude that it would be easier to use a scale of points
as itwas done for the purpose of computer analyses.

Most of components on the card have been used.

Verification of kinds of organical components, if
necessary, will be possible only along with examina-
tion of the samples from the layers made by a biolo-
gist.

The archaeologists produced their own classifica-
tions, which we believe to be closer to the reality
than those made by the computer. It means that we
still do not know how to translate our observations

to numbers.

The observed diversity of the descriptions produced
by the two archaeologists could have many reasons:

differences in mentality and experience, vanous
conditions of work (weather, time of the year, etc).
There is possibly also a more objective reason: they
worked on the two different sets of layers. Only the

description of the same layers byboth archaeologists

could help to exclude the influence of objective
reasons.

We believe that the layer descdption card used in
Oslo, albeit still needing corrections, gives as a
starting point, a great opportunity of creating such a

sheet which along with the computer expert system
would be a convenient tool in the course of excava-

tions on multi-layers sites. The statistical methods
presented here can help the archaeologists to ana-

lyse their documenlation before the final publication
but cannot be treated as awayof presenlation of the

results of the excavations.

Table 3a. CLUSTERING ANALYSIS k-means method (15 variables used). Example 1.

iteration I
0
0
0
0

iteration 13

0
0
0
o

182 66 3

125 81 3

179 73 3
166 58 I

214 40 l0
152 67 0
7 t366 0
203 105 0

Absolute values

ABCD E

Percentage

ABCDEF

0 28.5 9 23.730 0

0 19 22.7 29.130 0

0 26.6 40.9 26.330 0

0 25 .4 27 .3 20.9 tO 0

0 33.3 18.2 14.4 100 0
0 23.8 9 24.10 0
0 ll.l 59 23;10 0
o 31.4 13.6 37.80 0

Chi-square test

13054

10887

0

0
0
0

0
0
0
0

Table 3b. CLUSTERING ANALYSN k-means method (15 variables used). Example 2.

iteration 1

iteration 2

iteration 6

Absolute values

ABCD E

0 293 38 0
0 101622 0
0 213 209 0
0309 l0

0222460
0 1l 1760 0

o 233 162 0
07010t0

Percentage Chi-square test

ABCDEF

0 630 0 0 0 0
0 0 220 0 0 0

0 0 0 2780 0 0
0000 l0 0 0

1000 0 0 0

0 1000 0 0
0 0 1000 0
0 0 0 1000

46 13.6 13.70 0

r5.9 72.7 7.9 0 0

33.3 13.6 75.20 0

4.8 0 3.2 r00 0

34.99 16.50 0

17.5 77 .3 21.60 0

36.5 13.6 58.20 0

lr.1 0 3.6 100 0

12686

12t660
0

0

0

0
0

0

0

0
0
0

0

0
0
0
0
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Appendix 1

xr(numerated byindexi:1,..,Mparameters foreverylayeridentifiedbyindexr=1,..,lDwhere&:l,....,6.Layersarenumerated separately

2within every class so i:1,..,Ä4where N* is equal to the number of layers classified as /<-class.

Basing on the established earlier fact lhat r, are statistically independent, we have computed for every k-class a function Z*(xt,..,ro)which gives

(a priori) probability, that we have for a layer just xr(i=1,..,M)measurements. Having these six functions, we can classify (numerical

classification) a layer for which we have (r,,.,,rr)measurements, assigning it to this /c-class for whichLr(xl,..s)is maximal.

[.et us define N* as the number of layers in /<-class which have r, value equal to l. Probability, that we have for a layer just r, measurement

can be expressed as: Nioi

Ifwe take into account that (r,,..,rr)variables are statistically independent we can express a probability that we have for a layerjust (xt,..*)
measurEments as an appropriate product:

M

Lr@r,..,y,) = fI o*,
j:t

Functions t* (in statistical terminology refemed as likelihood) will be used for discriminant analysis as well as for clustering algorithm.

Appendix 2

The database collecting all data was designed in the dBase III+. Small part of the computations was made by
programs written in dBase IV (correlation analysis, chi-square tests, simple statistics), part using programs written
in Turbo-Pascal (histograms) but the main discriminant analysis and the clustering analysis were made by means

of programs written in FORTRAN.

II.I.THE DESCRIPTIVE PART OF THE LAYERS INVENTORY (as a computer database)

rtbj
Nk

INVNO
COLOIJR
SHADE

LEAKAGE
BI]RNING
SCORCHING

STONES
GRAVEL
SAND I
SAND 2
SAND 3

LOAM
CLAY
LIME
ASH
CHARCOAL
OTHER MIN

)O(XX
ccccccccccccc
XX

HOMOGENEITY
X COHESION
X LAMINATION
X GRANULARITY

MOISTURE X
ELASTICITY X
COMPACTNESS X
HUMIFICAT X
INCLINATION X
ACCUMULAT X

x
x
x
x

NATURAL
LEVELLIINC
BUILDING
HABITATION
DESTRUCTION
OTHER

XXXX KX X
XXXX XX X
XXXX XX X
XXXX XX X
XXXX XX X
XXXX
XXXX XX X
XXXX
XXXX
XXXX XX X
XXXX XX X

ccc
ccc
ccc
ccc
ccc
ccc

INSECT
BEETLE
BONE
HORN
HAIR
SHELL
OTHER ANIM

EXCREMENT H
EXCREMENT A
HUMUS

XXXX
XKXX
XXXX
XXXX
XXXX
XXXX
XXXX

XXKX XX X
XXXX XX X
XXXX XX X

CHIPS
TWIGS
BARK
CONIFER
LEAVES
CATKIN
MOSS
ROOTS
CHAFF
STRAW
CORN
GRASS
NUT
FRUIT STONE
SEED

OTHER BOT

)o(xx xx x
)o(xx xx x
)ooo( )o( x
XX)O( XX X
XXXX XX X
XXXX XX X
)ooo( xx x
XXXX XX X
XXXX )O( X
)oo(x )o( x
XXXX XX X
)O(XX XX X
XXXX XX X
)oo(x xx x
)oocx )o< x
)o(xx xx x

KULTOLK MEMO
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