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Abstract

Recently developed technology for recording the dirbioelectromagnetic field (BEM) using the Gas
Discharge Visualisation (GDV) technique providegfukinformation about the human BEM. We use
statistical analysis and machine learning to imttrghe GDV coronas of fruits and human's fingers i
order to verify three hypotheses:

(A) the GDV images contain useful information aboutahgect/patient ,

(B) the human BEM can be influenced by some outsideifacand

(C) the map of organs on fingertips’ coronas makesesens

We performed several independent studies, whicheave briefly describe: recording coronas of berrie
of different grapevines, detecting the influenceliafiking the tap water from ordinary glass andrgetc
glass K2000, detecting the influence of naturargy source in Tunjice near Kamnik, Slovenia on the
human BEM, verifying the influence of mobile phowégh or without energetic protection on the human
BEM, and establishing the relation between energhitignoses of an extrasense healer and GDV images.
All studies, as well as some other studies destriddsewhere, gave significant results and therefore
support all three hypotheses.

1. Introduction

Machine learning technology (Mitchell, 1997) is Walited for the induction of diagnostic and
prognostic rules and solving small and specialiekedsification, diagnostic and prognostic problems
Recently developed technology for recording the dwrhioelectromagnetic field (BEM) using the Gas
Discharge Visualisation (GDV) technique (Korotkd®98) provides useful information about the human
BEM. This technique is also known as Kirlian's effehich appears when exposing the object/pat@ént t
high-voltage high-frequency electromagnetic field.

The Crown TVcamera, which is part of the GDV equipment (Kooetk1998), records the coronas of
fingers as GDV images (bitmap images). However pttodblem is the interpretation of the GDV images.
By using machine learning we could eliminate thetbfem by means of automatically generating
classification rules from GDV images. For that pagg the Kirlian images need to be described wibta

of parameters. Parameters are calcuated with awdemprogranGDV AnalysigKorotkov, 1998), which
comes with the camera. It is also possible to gdaghe corona of the whole human body from coronas
of all ten fingertips. The program is based on a,developed by Mandel (1986). This map defines



regions (sectors) of each finger's corona to batedlwith specific organ or organ system in theybod
Korotkov (1998) and his team slightly modified thisp.

In the past we already performed several indepdrefedies (Kononenko et al., 1999): recording cason
of apple skin, relating the coronas of femalesgérips with the state of menstrual cycle, detecthe
influence of different T-shirts on the human BENydying effects of the art of living programme dre t
BEM of its participants (Trampuz et al., 1999).

We have recorded coronas of fruits and human fingéth the Kirlian camera. The recorded coronas
are then processed and described by a set of reah@@rameters. Then we use machine learning
algorithms to interpret the GDV coronas in ordervagify three hypotheses: 1. The GDV images
contain useful information about the plant/pers@n.The human bioelectromagnetic field can be
influenced by some outside factors, such as sp€esairts. 3. The map of coronas of fingers acawdi

to Chinese medicine does make sense.

We performed several independent studies, repamtgiois paper in the following sections: verifying
the influence of mobile phones with or without egegic protection on the human BEM, establishing
the relation between energetic diagnoses of amasetise healer and GDV images, recording coronas of
berries of different grapevines, detecting theuiafice of drinking the tap water from ordinary glasd
energetic glass K2000, and detecting the influesfceatural energy source in Tunjice near Kamnik,
Slovenia, on the human BEM.

2. The influence of mobile telephones on human bileetromagnetic field

We recorded coronas of all ten fingertips of fiveups of persons that were carrying the mobile
telephone above their heart for a period of oner imdler different conditions: without any proteatio
with two different energetic protections, with mé#o protection and a control group without mobile
telephones. Results indicate that mobile telephoegatively affect the human BEM field, that enéige
protection of Minnie Hein works well while the pklmo protection doesn't work, and that energetic
protection of Milan MladZeno¥inot only eliminates the bad influence of mobilepiones but also
strengthens the human BEM.

2.1 The purpose of the study

The purpose of our study was to make a comparatimalysis of the effects on human's
bioelectromagnetic field (BEM), potentially caudag mobile telephones. The data about person's BEM
was gathered by recording coronas of all ten fitigeusing the Kirlian camera Crown-TV. Pictures fo
each person were taken three times — the first befere wearing the turned-on cellular phone, the
second time after the phone was worn for half amr,hand the third time after wearing the telephfare
one whole hour. Trying to reveal influences of glalt telephones under many different circumstances,
we designed five different scenarios. Accordinghtem, people were divided into five groups:

« control group of 17 people - subjects without dalitelephones;

« 19 people, wearing cellular phones without anyqutidn against possible effects on their BEM;

» 14 people, wearing cellular phones and Electro-Mégrield Shield, invented by therapist Minnie
Hein from Peru; the Electro - Magnetic Field Shietshsists of small bottle that contains essences
(water with alcohol, coded in a similar way likeiomeopathy);

» 18 people, wearing cellular telephones that wetgppgd with protection of Milan MladZengvi
from Belgrade; the protection is made up from feragnetic material, that was bioenergetically



coded;

» 16 people, wearing cellular phones with fake prtibec- small plate that looked identical to
protection of Milan MladZeno¥j the purpose of this group was in observing aiptesplacebo-
effect.

In all cases, the cellular telephone was worn éntteight of human's heart - it was hung arounchéu,

using the string. The gathered data was statiktipabcessed. The paper describes used methods and
results.

2.2 Measurements and preparation of data

The measurements

Gathering of data was the first and also the metnsive step in our study. It was organised ie fiv
picture-taking sessions. The measurement procedase standardised and was the same for every
collaborating volunteer. All volunteers were askedurn their cellular phones off at least threarso
before our recording session and keep them turiiedillothe beginning. Considering this it was
presumable that the first measurement of particrdarnteer, made without his cellular phone, wats no
yet influenced by any possible effects that cetlufhones might have on BEM. After first
measurement, the volunteer's phone was turned omiatures after thirty-minute and sixty-minute
intervals would be taken with phones worn in thigihiearound the heart. In this manner we threegime
recorded coronas of all ten fingertips of eachdf/8lunteers.

Data processing

For statistical analysis of the gathered dataptbiires had to be transformed into numerical \&altéis
was done with program GDV-Analysis, that accomparttee Crown-TV. GDV-Analysis transforms
pictures into numerical parameters, that desctigecharacteristics of fingertip coronas. We useg on
parameters that in previous studies proved to lpoitant (Kononenko et al., 1999;2000; Trampuz &t al
1999):

1. Area of GDV-gram.

7. Number of separated fragments in the image.
8. Average area of the fragments.

10. Relative area of corona.

17.1.-17.9 Areas in the sectors of particular finge

Because the telephone was worn in the height ofhtirean's heart, we decided to observe only 22
parameters out of 79 in sectors 17.1. - 17.9. dleabrding to finger coronas map correspond only to
those parts of body, that might have been infludrmecellular phones. Herein are included 4 sedtors
heart, 2 sectors for throat with thyroid gland @hdectors for brain, dorsal spine, blood circulatio
lymph, chest, head, pineal gland and respiratorstesy. We also defined additional, potentially
significant parameters:

- CW - corona width;

- parameters, describing relative percentual gbaiof parameters 1, 7, 8, 10 and CW.

In the next step the average of parameters 1,78/ 0and their percentual counterparts over all ten
fingers for every particular person was calculalemobserve the relative change of every paranieter



given person in sixty-minute interval, we also cédted the difference between average values skthe
parameters after sixty-minute period and the pamamedescribing person's corona before wearing the
cellular telephone.

Table 2.1 displays the average differences of wabfeparameters. Table includes two parameters that
describe particular corona sectors and have tusnéetb be the most important. These two parameters
3R-6 (sixth sector on third finger of the right knthat according to coronas map corresponds da he
and 1R-4, that corresponds to throat and thyrcaddal

Table 2.1: Differences between values of imporpamameters in one hour period for five groups

param. control group | group with phone placebo | group w/shield |group w/shield fron
group from M. Hein M. MladZenow
1 226.1 115.0 15.4 252.0 504.2
7 0.87 0.16 0.04 -0.16 -0.58
8 -769.5 -224.9 -255.2 -165.8 289.5
10 0.189 -0.056 -0.248 0.082 0.226
%1 0.063 -0.001 -0.003 0.064 0.123
%7 -0.123 -0.107 -0.116 -0.102 -0.181
%8 -0.214 -0.139 -0.124 -0.104 0.019
%10 -0.038 -0.112 -0.110 -0.038 -0.007
cw 1.033 0.131 -0.273 1.044 2.071
%CW 0.075 0.011 -0.012 0.055 0.125
3R-6 68.2 -144.5 -50.7 21.3 124.2
1R-4 248.1 -27.4 -230.3 84.0 250.6

Parameters 1, %1, 10, %10, CW and %CW indicate that

- there is a similar negative effect of mobile pas on the human BEM in groups with mobile
phone and in placebo group;

- results in control group are similar to thosgiaup with the shield of Minnie Hein, indicatingat
shield influences the human BEM in a way that negléhe effect of mobile phones;

- the shield of Milan MladZeno¥ihas positive effect - not only that it neutralighe effect of
cellular phones, but it also strengthens the huBta;

- parameters 3R-6 and 1R-4 imply similar findingéacebo protection has no effect, cellular
phones negatively affect the human BEM, both skial@ effective, and besides the shield of M.
MladZenové has an amplifying effect.

2.3 Statistical analysis

To estimate whether the parameters' changes wgmdicant, we used Student's t-test. The signifiean
level a was chosen to be 0,05. The majority of these teat® indicated insignificant changes. The
probable cause is in too big standard deviationsapAmeters' values. This problem could be allediat
with greater number of people in each group. Sicgrifce has mostly manifested inside group of people
wearing cellular phones, equipped with the shiélifloMladZzenovE. The BEM of subjects, belonging to
this group, have been significantly increased.



T-tests between different classes were also peddrin order to find out, whether the differences
between values among all possible pairs of clagsgs great enough to consider results significant
enough in comparison to their deviation. Most @St tests also showed insignificant changes between
5*4/2=10 pairs of groups. But in spite of that,uies of parameters 10, 1R-4, 3R-6 and CW indicate
that:

1. the control group and group with the shield of MinHhlein are similar - there are no significant
changes between them;

2. the placebo group had worse BEM than the contrmligr- indicated by significant changes of
parameter 1R-4 (and partially by almost signifigaatameters 3R-6, 10 and CW);

3. the control group and group with the shield of MilladZenow are similar - there are no
significant changes between them,;

4. the group with cellular phone had worse BEM thaa ¢bntrol group - indicated by significant
change in parameter 3R-6 (and partially by almiggtificant 1R-4 and 10);

5. the placebo group had worse BEM than group wittsttield of Minnie Hein — partially indicated
by almost significant change in parameters 10 &d {and slightly by indicated significance of
Cw);

6. the group with the shield of Minnie Hein is similey the group with the shield of Milan
MladZenowg - there are no significant changes between them;

7. the group with telephone had worse BEM than groith the shield of Minnie Hein - indicated
by almost significant change in parameter 3R-&(thbst showed the least significance);

8. the placebo group had worse BEM than the group with shield of Milan MladZenoi-
indicated by significant changes in 1R-4, 3R-6 &M (and partially by almost significant
change in 10)

9. the group with telephone is similar to the placefsoup - there are no significant changes
between them;

10. the group with telephone had worse BEM than groepnimg the shield of Milan MladZendvi
indicated by significant change in 3R-6 (and pdytiay almost significant changes in 1R-4 and
CW, and slightly by indicated significance of 10)

2.4 Analysis of merged groups

To alleviate an unwanted effect of too great démmtin calculated results, we decided to merge
groups/classes that were related. Herewith we estitltee number of classes to three and gained greate
number of subjects in

new group composed of these previous groups | humber of people
W - people without telephone ?tcr)wri]strg:(?ljgurgmained the same) 17
T - people with telephone Ee&glcz\év(i)tgrtghepphone 35
S - peopl wih st lepnorg =R TG STIIRERER |

Table 2.2: Structure of three new classes, gaired previous five classes.

two classes. Table 2.2 shows the structure of n@sses and the number of examples in each class.



We processed the data in three groups in the saayeaw before. Although Student's t-tests inside
particular class showed no significant changesetivere some significant differences, showed lestst
between 3 pairs of classes. Significant changgsu@meters 10, 1R-4, 3R-6 and CW indicate that:
- groups S and W are similar, because there aregndisant differences;
- group T had worse BEM then W - indicated by sigmifit change in parameters 1R-4 and 3R-6
(and patrtially by almost significant 10 and CW);
- group T had worse BEM than group S - implied byndigant change in parameters 1R-4 and
3R-6 (and partially by almost significant 10 and TW

3. Relation between energetic diagnoses and GDV iges

We recorded coronas of all ten fingertips of 116spes for whose the extrasense healer provided the
energetic diagnosis. We used machine learning tergret the GDV coronas in order to verify three
hypothesis: (a) the GDV images contain useful imfation about the patient, (b) the map of organs on
coronas of 10 fingers does make sense, and (@xinasense healer is able to see by himself (wgh h
natural senses) the energetic disorders in the hioody. The results support all three hypotheses.

3.1 The measurements and preparation of data

The first stage of the research involved recordingpnas of all ten fingertips of patients. Paramsete
calculated from coronas (GDV images), were theml aseattributes for machine learning algorithm. We
recorded 150 patients, but due to technical problenmly 110 cases were useful. Recording was made
with Crown TV camera. It's a digital camera conaddio a computer. It captures corona image directly
into a bitmap image, which is very suitable for gaanalysis.

We calculated a set of parameters from each cdroage. Each training instance was presented with a
set of 634 attributes (parameters), which is toayratributes for only 110 cases. Evidently thigéaset

of attributes had to be reduced in order to exgente positive result from machine learning. Namely
with altogether 634 attributes and only 110 cas$eset is a high probability that certain irrelevant
attributes will seem to be very relevant just bgmte. Attribute reduction is explained later irsthiticle

for each experiment separately.

On the other hand, we also needed the classificaf@ss for each case (patient). Here we engaged an
extrasense healer. We recorded his observatiorsudio tapes. The observations were made for all
organs of the whole body. The diagnosis for ondephatcontains the description of the state for 65
organs/parts of organs/glands (e.g. small brairacth, left and right kidney, thyroid gland, et8.)parts

of the body (e.g. arms, head, neck, legs etc.hy&ipal/psychical functions (e.g. respiration, diimn,
concentration, sleeping etc.), and 17 possiblendisgs in terms of classical medicine (e.g. rhelammati
cold, headache, hameorrhoids etc.). For each omgdnpart of the body the state can be either OK,
energetic blockage, strong energetic blockage,riacbfunction, no function or damaged. This gives
classes, which is too much for our learning coondgi(634 attributes, 110 cases). Therefore we ddcid
to distingwish only between 2 classes. The firasslis 'no blockage' (OK) but all other classesswer
joined into second class, called 'blockage'.



3.2 Machine learning of diagnoses
We performed 5 experiments:
(A) The first experiment: 239 attributes, 110 cases

We used all 110 cases. We had to somehow reducauthber of attributes. Here we excluded a large
subset of attributes that represent a part of @osattor area and seem pretty irrelevant at fight.s239
attributes remained. Further on we decided to umexperiment ten times on 10 diagnoses (learning
problems) that were best according to their clasgilbuton. We used.5.0 learning algorithm for
building decision trees, a descendant of C4.5 (l@njn1993). We used 10-fold cross validation and
calculated the average accuracy of ten decisia@str€he results showed about 10% improvement of
accuracy compared to the default classifier (thadsifies all instances into the majority clasg) ffoe
diagnoses: duodenum, throat, blood circulationknaied cervical spine.

(B) The second experiment: 79 attributes, 110 cases

Here we tried to additionaly reduce the number tofbaites. Knowing (according to fingertip corona
map) that each diagnosis is directly connectedatoessector of fingertip corona, we used only atteab
that measure areas of corona sectors (79 attribdtitother experiment conditions remained unchethg
The result was rater similar to the result of tingt £xperiment.

(C) The third experiment: 79 attributes, 71 cases

Here we focused on the quality of the data. Weusdad patients with generally weak coronas. Thissas
show general lack of energy, but do not provideughoinformation about specific organs (Korotkov,
1998). Only 71 cases remained useful. All othereeixpent conditions remain unchanged from the
second experiment. The result showed larger impnong of accuracy from previous experiments,
especialy for two diagnoses: taste (20% improvejrarmd duodenum(15% improvement).

(D) The fourth and fifth experiment: 2 to 10 atributé$,cases

To additionaly reduce the set of attributes, wedusely attributes that are relevant for some diagno
according to medical doctor's opinion. The setarbmeters greatly decreased (from 2 to 5 attribpees
diagnosis in the fourth experiment and up to 1@battes in the fifth experiment). Other conditions
remained unchanged. The results didn't show anyowemnent in accuracy.

3.3 Estimating the quality of attributes

The analysis of the trees that were generateddrthiid experiment (which gave best results) shows
interesting match with medical doctor's opinion.niddy, for this stage of the study we used a map of
relations between diagnoses and attributes, which supplied by an independent medical doctor. Also
an interesting phenomena could be noticed. Thahébest classification results were achievedrevhe
the root (best) attribute matches with doctors ct@@. For example: All 10 trees generated in 10-fold
cross validation for diagnose duodenum, had a eluaah attribute' in root. There is less than 2.6% of
chance that this is just a coincidence. Also alltfH®s generated for diagnose taste contain 'lymph
attribute' in root, which is also relevant accogdia doctor's opinion.



Further on we estimated the quality of attribui&& used the Gain Ratio estimate (Quinlan, 1993). Al
parameters for estimation were the same as irhtrek éxperiment (71 cases, 79 attributes). We aecid
to compare the attributes, proposed by the medietior, with 10 best estimated attributes. Thers ava
significant match with doctor's opinion in 6 outXd learning problems. Here are some examplest A se
of 10 best estimated attributes for diagnose duatberontains ‘duodenum attribute’ in the first pland
‘lymph attribute' in the third place. Both are valet to duodenum according to doctor's opinion. kvhe
estimating parameters for taste, all 3 parameters fdoctor's selection are among 10 best estimated
attributes. The probability of coincidence is himss than 6%. The diagnosis 'heart' had 'heaifhatit in

the first place. The probability of coincidencddss than 5.1%. The diagnosis 'lungs' diagnosétimaht
attribute' as best estimated. Little brain and Bloaoculation diagnoses had 2 attributes from dtxto
selecton among 10 best estimated.

And finally, we performed the estimation on the Vehset of 634 attributeS.he results here confirmed
results from previous estimatéd/e describe some exmples. Estimation for 'duodéxdiagnosis gave 2
relevant attributes among 10 best estimated. Giemcie probability is less than 0.4%. Estimation for
'taste’ diagnosis gave also 2 relevant attributesng 10 best estimated. Coincidence probabilitgss

than 0.6%. 'Heart' diagnosis gave 'heart attritagddest estimated. Coincidence probability is tbag
0.7%. Finally, 'little brain', 'lungs’', and 'livediagnoses had one relevant attribute among 10 best
estimated.

3.4 Conclusions and further work

Machine learning experiments show that our numpaameters, calculated on corona images, aren't
sufficient for exact diagnosis. Two basic reas@®nss to be inaccurate recording of corona imagés an
too little training instances (patients). In spiffeall, it also turned out that corona images cionteseful
information for diagnostics. Namely, for all diagges we managed to increase the classificatiorramcu
for at least 10% according to default classifiba{tclassifies all instances into the majority g)as

Attribute estimation and tree analysis show thathad better success with machine learning where the
set of most informative attributes matches with iw&ddoctor's selection of attributes for that sfiec
diagnosis.

We can conclude thahe corona images contain useful information foagiiostics but there is a
problem with ‘extracting' this infomation. Nametlge whole process of data capturing is very sesmsit
noise. And after all, it is very difficult to selea small set of informative attributes from a kget of
noisy parameters, especially when you have suated gaining set.

4. Recording coronas of grapevine berries

The aim of the study was to determine, whetheridtiricamera can record any useful information by
recording coronas of berries. We used nine sortgayfevines, two reedvines for each sort (healttdy a
infected by different viruses), obtained from ptaaf Biotechnical Faculty in Ljubljana. We recordz@l
berries for each reedvine. We used only 14 bagicenig attributes (see Section 3, the absolute afrea
corona was excluded due to different sizes of eswf different sorts).

We used two machine learning algorithms in ordedistinguish different sorts and infected from
noninfected reedvines from numerical descriptioncofonas of their berries. The naive Bayesian



classifier assumes the conditional independenadtilbutes given the class and calculates for eseh
instance the probability of each class (Kononeri93). Assistant-R builds decision trees and uses a
non-myopic algorithm ReliefF for the estimationtioé quality of attributes (Kononenko et al., 199%e
measured the classification accuracy and the irdtbom score (Kononenko and Bratko, 1991). Thedatte
measure eliminates the influence of prior probaédi and appropriately treats probabilistic ansvedrs
the classifier.

We tried to solve various problems:

(a) distinguishing infected 'Pinela’ from noninfectBthela’, 2 classes, 30 examples in each class;

(b) distinguishing 'Malvazija' without symptoms and IM&ija' with symptoms of phytoplasma; 2
classes, 20 examples in each class;

(c) distinguishing all nine sorts of grapevines.ekamples in each class;

(d) Volovnik'+'Zweigeld' (not infected with GLRaViruses) and 'Sladkocrn'+ 'Klarnica' (infected with
GLRaV viruses); 2 classes, 80 examples in eacls;clas

(e) distinguishing two cultivars: 'Volovnik' andw&igeld’, 2 classes, 40 examples in each class.

For each problem we randomly split the set of @dneples in 70% for training and 30% for testingisTh

process was repeated 10 times and average resudtstandard deviations for the naive Bayesian
classifier are presented in Table 4.1. Resulté&\fmistant-R are similar.

Table 4.1: Results of the naive Bayesian classifiéifferent classification problems for grapeviheta.

problem prior pr. (%] class. accuracy (%4)inf. score (bit)
nine cultivars 11.1 35.7+3.1 1.09 +0.47
‘Volovnik' : ‘Zweigeld’ 50 77.5+9.2 0.45 +0.15
infected : non-infected ‘Pinela’ 50 70.0+11.1 30+ 0.13
infected : non-infected with GLRaV 50 71.0+5.5 39+ 0.06
‘Malvazija’ with : without phytoplasmg 50 88.3+8.0 0.73+0.16

In all tests, the classification accuracy is sigaifitly higher than the prior probability of the
classification. For example, in the case of aleniultivars, the classification accuracy is 35.8ice all
nine classes are of the same size, a prior protyafoit each class is 1/9=11.1%, which is more tttare
times lower than the classification accuracy. Beeaaf this, the information score is very high. The
classification is quite successful also in the saskclassification of grape berries according heirt
sanitary status. In these cases, the prior prabalisl 50% while the classification accuracy ranges
between 70% and 88.3% which is indeed unexpecteglty

5. Drinking water from ordinary and 'energetic'glass K2000

We performed an experiment with drinking water fromdinary glass and so called ‘energetic' glass
K2000, which is somehow coded with positive infotima/energy. K2000 was invented by Vili Poznik
from Celje, Slovenia. He uses orgon technology ilmddlogy) in order to encode information into glass



We recorded each of 34 volunteers three timesrieetidays: without drinking water, 15 minutes after
drinking water from ordinary glass, and 15 minwétsr drinking water from energetic glass K2000eTh
persons didn't know which glass is ordinary andcWhis energetic. We used tap water and the watsr wa
left 15 minutes in the glass before it was consunfient each person we recorded coronas of all ten
fingertips. We calculated 15 basic parameters fwomas of each finger and we averaged their values
over all ten fingers. We used the following parasnst

1.. Absolute area of corona.

2.. Noise, deleted from the picture (dependtherfirst setting in the program).

3.. Form coefficient.

4.. Fractal dimension.

5, 6.. Brightness coefficient and deviation.

7.. Number of separated fragments in the image.

8, 9.. Average area of fragments and its dieviat

10.. Relative area of corona

11.. Relative coefficient of glow inside the@r oval.

12-15.. Relative coefficient of image glow &%, 50, 75 nad 100% area (from the whole area)

We calculated average values and standard dewafion each parameter and for each glass: the
difference between the value after drinking watent the given glass minus the value before drinking
the water (see Table 2). The results indicatewiader from K2000 increases the coronas (paraméteds
and 10-15) and decreases the fragmentation (paganig¢t while that from ordinary glass slightly
decreases the coronas and, to the lower extend2@00, decreases the fragmentation.

To evaluate the significance of differences betwibenglasses we used the paired one-tailed t\fgst.
calculated the differences and st. deviations batwthe values of parameters of two glasses. The
differences together with t-values and significateeels are given in Table 5.1. With the exceptidn
parameter 7, parameters 1,8 and 10-15 show signifitifferences (significance level greater th&9p.

Table 5.1: Statistical analysis for drinking waftem two glasses

parameter| average significance
difference standard deviation (s) |t =r/s* sqrt(n) level
1 856,61 1199,00 4,17 >0,99994
2 284,60 614,84 2,70 0,9931
3 15,02 42,27 2,07 >0,9596
4 0,14 0,48 1,76 0,9216
5 0,61 4,36 0,82 0,5878
6 -0,67 4,34 -0,90 0,6319
7 -1,49 4,74 -1,83 0,9328
8 563,74 944,61 3,48 >0,99933
9 13,08 44,94 1,70 0,9109
10 0,21 0,35 3,45 >0,99933
11 0,02 0,03 3,49 >0,99933
12 0,08 0,14 3,46 >0,99933
13 0,09 0,15 3,55 >0,99953
14 0,07 0,14 3,11 >0,99806
15 0,03 0,05 2,82 >0,9949

10




For machine learning analysis we used C4.5 systamnbdilding decision trees (Quinlan, 1993). We
wanted to distinguish ordinary glass from K2000. \Wad 68 examples and we performed two
experiments: using all 15 attributes and using attyibutes 1,7,8, and 10. The average classifinati
accuracy, obtained by 10-fold cross validation, W@.2%, when all atrtibutes were available, an@%i..
with four selected attributes. In the latter casest of the times the decision tree contained atilybute

8 (average area of fragments).

6. Natural energy source in Tunjice

In this study we wanted to evaluate the effecthwf bhatural energy source in Tunjice near Kamnik,
Slovenia on the human BEM. The coronas of all {egeftips were recorded for 71 visitors of Natural
Healing Garden Tunjice. Each visitor was recordefbte and after the 45 minutes visit of the Healing
Garden. Due to mistakes and noise in recordingasee for the analysis the coronas of only 50 person
The coronas of each finger were described with ddichattributes (see Section 3) and for each person
they were averaged over all ten fingers.

Table 6.1: Statistical analysis for natural enesgyrce in Tunjice

Parameter d|fference st. deviation I

-1734,8 4058,6 3, 02

7 0,47 2,13 -1,56

8 -1254,8 3867,1 2,29
10 -0,299 1,172 1,80
CwW -0,628 9,605 2,86
%1 -0,0748 0,2762 1.91
%7 0,3110 0,2746 -8.01
%8 -0,0234 0,3045 0.54
%10 0,0578 0,2560 -1.59
%CW -0,0774 0,2527 2,17

In this study we used only parameters 1,7,8,10chvhi previous studies proved to be important,\&ad
defined some additional parameters: corona widtW)Cand procentual counterparts for parameters
1,7,8,10 and CW. We calculated average differefiealaes and standard deviations for each parameter
the difference between the value before visiting tRarden and after the visit. To evaluate the
significance of differences we used the paired tailed t-test. The average values and standard
deviations together with t-values are given in €ahll. Procentual counterpart of parametsiindicated

by .%i. All values oft absolutely greater than 2.01 indicate the sigaifichange at the significance level
alpha = 0.05.

The results show that the number of fragments (perer 7) is significantly decreased and that cagona
are significantly thicker (parameter CW). Areagofonas are almost significant (parameter 1).
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7. Conclusions and further work

The studies described in this paper, as well asratudies performed in the past, show that the GDV
records, described with a set of parameters, toaseful information and they are not only noise.

Results of the study with mobile telephones retteeatt

- cellular phones influence the human BEM in a whgt coronas become reduced, more
fragmented and incomplete;

- the group of people with telephone and the plaggbup are similar, therefore the placebo shield
has no effect;

- the control group is similar to the group witle tbhield of Minnie Hein, indicating that the shield
works well — it neglects the effect of the mobaéephones;

- the shield of Milan MladZenogialso has not only a protective influence on theéwa BEM, but
also a stimulating and strengthening effect.

Although the results from statistical analysis gadé correctness of these conclusions, the majofity
results is not significant. A probable reason fattis the insufficient quantity of data. Howevessults
that are statistically significant support conolus described above. Because of too large dengtio
presumably caused by insufficient number of peapléve groups it might be sensible to repeat this
study on greater population.

Our results in the study with extrasense healesugiport all tree hypoteses:

(a) The corona contains useful information for diasgjs,

(b) the map of organs on the fingers' coronas mséese,

(c) the extrasense therapist does see the enestgtiicof the patient and is able to diagnose matiéh
this information.

To obtain a more reliable confirmation of the thhegpotheses, however, a much wider study is

necessary, which is currently not possible withmodest resources.

The classification accuracy on different problenithwgrapevine data is significantly higher tharthié
classifier would be random. This means that corasfagrapevine berries contain useful information
about cultivar and about their sanitary status.0Aed only parameters that were independent ofizee s
of grape berries. However, there is a possibibtyntroduce new parameters that may contain aaditio
useful information. We plan to verify this hypotieeand further improve the methodology in order to
make it useful for classification of grape cultivand their diseases.

The results of the study with water show significpositive efect of drinking water from energetlass
K2000. Although, till now, there is no physical éxmation for coding the information into glass, the
effects are obviously measurable. In order to nthkestudy more reliable, we plan to perform also a
double-blind experiment with slightly modified segiv so that persons will be recorded several times
immediately before drinking and 15 and 30 minufer alrinking the water.

The result of the study in Tunjice indicates tha wisit of the Natural Healing Garden positively
influences the human BEM. Coronas are larger assl feagmented. In order to obtain more reliable
conclusions we plan to record coronas of a corgroup of people, that shall visit another place (fo
example a walk in a forest) in the same mannehay visited the Healing Garden. The comparison
should show whether the Healing Garden has gradteence than ordinary gardens.
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We plan to continue studies, described in this paped we plan to investigate also some other
phenomena:

Water drops: We are trying to distinguish different kinds ofater: ordinary tap water, water from
various springs, water charged by a healer andrwatarged with various vibrations. Preliminary
experiments show that it is very difficult to rddlg measure the corrona's of water drops.

Energetic Influence' on human BEM We plan to measure the effect of glass bowls ddodith a
certain information by Vili Poznik in a similar maer as 'energetic' glasses K2000), the effect of
‘energetic' symbols and 'energetic' chairs etc.

Acknowledgements

We thank Milan MladZenoviand Minnie Hein for providing their energetic motions and Aleksander
Sadikov and Tatjana Zrimec for their help and supp&/e thank Slobodan Stanojévibr his energetic
diagnoses and his willingness to share with uskhswledge. Bor Prihavec prepared a program for
extracting GDV pictures from video signal and helpeith recording. Medical doctor Petar Papuga
helped in interpreting the medical aspects of shigly. We thank also Marko Robnik-Sikonja for hidph

in processing the data. We thank Irma Tomd@m Biotehnical Faculty for providing the grapeei
berries and Daniel Skaj for performing experiments with berries. Markpi®a and Matej Hlastec
performed experiments with drinking water from gks and Janez La¥riGorazd Konc and Damijan
Ko&Xak analysed the data of experiments with naturafggnsource in Tunjice. We are grateful to Vili
Poznik and JoZe Vetrovec for enabling the studf witergetic glasses and Drago Vrhovnik for enabling
the study in Tunjice.

References

I.Kononenko, Inductive and Bayesian learning in io&lddiagnosis,Applied Artificial Intelligence
7:317-337, 1993.

I.Kononenko and |.Bratko, Information based evaaratriterion for classifier's performanddachine
Learning 6:67-80, 1991.

I.Kononenko, E.Simec, M.Robnik, Overcoming the migopf inductive learning algorithmsApplied
Intelligence 7:39-55, 1997.

I.Kononenko, T.Zrimec, B.Prihavec, M.Bevk, S.Stawij, Machine learning and GDV images:
Diagnosis and therapy verificatioRyoc. Biology and Cognitive Sciendgubljana, October 1999a,
pp. 84-87.

I.Kononenko, T.Zrimec, A.Sadikov, K.Mele, T.Milka&, Machine learning and GDV images: Current
research and result8roc. Biology and Cognitive Sciendgubljana, October 1999b, pp. 80-83.

K.Korotkov, Aura and Consciousness: A New Stage of Scientifitetstanding St.Petersburg, Russia:
State Editing & Publishing Unit “Kultura", 1998.

P.Mandel Energy Emission AnalysiSynthesis Publ. Comp, 1986.

13



T.Mitchell, Machine LearningMcGraw Hill, 1997.
J.R. QuinlanC4.5 programs for machine learniniglorgan Kaufmann, 1993.

A.Trampuz, |.Kononenko, V.Rus, Experiental and higgical effects of the art of living programme on
its participantsProc. Biology and Cognitive Sciendgubljana, October 1999, pp. 94-97.

14



