Supplementary Information

A new method for constructing networks from binary data

Claudia D. van Borkulo®?, Denny Borsboom!, Sacha Epskamp!, Tessa F. Blanken!, Lynn
Boschloo?, Robert A. Schoevers? and Lourens J. Waldorp!

nterdisciplinary Center Psychopathology and Emotion regulation, University Medical
Center Groningen, University of Groningen

2Department of Psychology, Psychological Methods, University of Amsterdam

This Supplementary Information contains two sections. In the Supplementary Methods section,
we provide a more detailed description of the Ising model and a worked example on how to compute
probabilities of certain states with this model. Also, the theoretical background of the estimation
procedure is described more elaborately. In the Supplementary Results section, we describe the

results of an additional analysis on the validity of our proposed method eLasso.

Supplementary Methods

In this section, we provide an introduction to the Ising model on which eLasso is based. The original
model was based on magnetic behaviour of metals'. In the easiest case, such models operate on
the behaviour of small dipoles or spins of a ferromagnet, which are arranged as in Supplementary
Figure S1. This two-dimensional representation is often called a grid or lattice. An individual

2. in an alternative variant,

dipole can be either in a ”spin up” (+ 1) or a ”spin down” position (- 1)
which we will use here, these variables are scored 0 or 1. Objects, or variables, in the Ising model
can interact with each other but interactions are subject to an important restriction: they can

only influence direct neighbours. That is, taking neurons as an example, a firing neuron can only
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Supplementary Figure S1: Graphical representation of the Ising model.

transmit information to a connected neuron.

Although the Ising model was used to explain ferromagnetism, it generalises to all kinds of
objects in a network that can be in two states: a voter who can be "pro” or ”con, a neuron that
can "fire” or "not fire”, or a person that can be ”infected” or "not infected” by some virus?.
When applying this model to psychopathology, variables can be symptoms of a disorder, which can
be either ”present” or ”"absent”. Now, suppose we have p variables collected in the set of nodes
V. Then there are 2P possible configurations of the system (in a basic application, these would
for instance be all possible item response patterns). Suppose we have three symptoms of major
depressive disorder (MDD) according to the DSM-IV-TR: ”insomnia”, ”fatigue”, and ”significant
unintentional weight loss or gain”3. Then there are 23 = 8 possible configurations: (0, 0, 0), (1,
0, 0), (1, 1, 0), and so on. A system is inclined to move to or persist in the most favourable
configuration possible. For example, if two nodes (say, anxiety and depressed mood) are positively
connected, then a configuration in which one is present but the other is not (e.g., an individual
who is anxious but not sad) is less consistent with the model structure than one in which both are
present or both are absent. Thus, the configuration that is most consistent with the model has the
highest probability of occurring. In the Ising model, consistency of a configuration depends on the

Hamiltonian function H(zx):

H(w) ==Y mzj— Y Bpajae, (1)

JjEV (J,k)EE

where V' is the set of nodes and E is the set of edges, 7; is the threshold of symptom x;, 3;; is



=3
B13=0

Supplementary Figure S2: A hypothetical example network of three symptoms:
(insomnia or sleeping too much), xs (fatigue and, or loss of energy), and z3 (significant
unintentional weight loss or gain). 312 and a3 are the connection strengths (interaction
parameters). Since there is no connection between x; and x3, $13 = 0.

the interaction strength between symptoms j and k, and z; (and ) can assume one of two values
{0,1}2%. The threshold of a symptom, 7, indicates the autonomous disposition of the symptom
to take the value one, i.e., it describes the probability of that value in the absence of any influences
of neighbouring symptoms. Consequently, when this threshold is positive, the symptom tends to
be present. This state (with value 1) is, in this case, preferred over the absent state (with value 0),
since it lowers the energy. On the other hand, a negative threshold indicates that the symptom,
taken by itself, has a disposition to be absent. The interaction strength between two symptoms,
Bjk, indicates how symptoms influence each other: when 3, > 0, symptoms will prefer to be in
the same state, whereas [3j; < 0 indicates that symptoms will prefer to be in different states. The
sum of the interactions runs over all existing connections (edges) in the set E. We define O to be
a matrix (p by p), containing 7; on the diagonal and f3; on the off-diagonal.

As soon as we know the structure and parameters of the network, it is easy to calculate the
energy of a configuration. Suppose our three symptoms have a structure and parameters as de-
picted in Supplementary Figure S2. For each possible configuration, the Hamiltonian is given in
Supplementary Table S1.

As stated before, the lower the value of the Hamiltonian function for a certain configuration,



Supplementary Table S1: Example of how to calculate the Hamiltionian of all
possible configurations of a network with three nodes.

config. insomnia fatigue weight loss probability Hamiltonian
111 present present present P(111) —(11+72473) — (B12+ P23 +0)
110 present  present absent P(110) —(mm+7+0)—(B12+0+0)
101 present  absent present P101) —(rm+0+73)—(0+0+0)
100 present absent absent P100) —(m1+0+0)—(0+0+0)
011 absent present present PO11) —(0+4+72+713)— (04 B23+0)
010 absent present absent P0O10) —(0+m+0)—(0+0+0)
101 present  absent present P(101) —(mm+0+73)—(0+0+0)
000 absent absent  absent P(O0O0O) —(0+0+0)—(0+0+0)

the higher the probability of that configuration. The probability of configuration x is given by %6

Po(z) = Z(l@) exp|—H (z)]
e P [ZT]J}] + Z 6]kx]xk], (2)
Jjev (j,k)eFE

where Z(0) is the normalising constant (or partition function) that guarantees that the distribution

sums to one:

Z(0) = Z exp[ang—k Z ﬂjkx]xk] (3)

ze{0,1}P JeV (j,k)eE
This distribution sums to one when Z(©) sums over all possible configurations. For a small number
of variables, as in our example, computing the normalising constant is feasible. When the number of
variables increases, however, the state space (set of possible configurations) increases exponentially,
which makes the normalising constant intractable.

Thus, computing the full likelihood function for the model is computationally prohibitive. An
alternative is to use the so-called pseudo-likelihood, which only uses the (conditional) probability
of Xj given all other nodes X\ ;. For the expression of this conditional probability, the normalising
constant reduces to the sum over all possible configurations of one single node (Xj), which is just

{0,1}. In this case, the normalising constant becomes

Z(©):=1+exp [Tj + Z ,Bjkxk], (4)
KEW,



where V' is the set of nodes {1,2,..,p} and W; is the set of nodes, excluding node j. Therefore,
the normalising constant for the conditional probability of X; given all other nodes X ; is in fact
tractable, even if the normalising constant for the full model is not. From combining equation 2
and 4, it follows that the conditional probability of X; given all other nodes X, is given by

exp [zjj +ax; > ﬁjkxk]
kGV\j

14 exp [Tj + Z ,Bjkl'k] '
k‘EV\j

Po(zj | 2\;) = (5)

With our network of three variables and the parameters in Supplementary Figure S2, we can
calculate the probabilities of each configuration. As an example, we will compare two probabilities:
the probability of zo = 1 given that (1) 1 =1 and x3 = 0 and that (2) x; =0 and 23 = 1. In the
case of Pg(zy = 1| 21 = 1,23 = 0), the Hamiltonian can be computed by filling in the parameters

as given in Supplementary Figure S2:

H(z) = —(11 + 1) — (B12) = —(3+.7) — .54 = —1.54 (6)

Now, the probability can be computed using Formula 5:

o—1.54
Doing the same for the second case results in probability Pg(ze = 1 | 1 = 0,23 = 1) = .78.

Apparently, in this model, the probability that a person will be fatigued is higher for a person who
has insomnia but no weight loss, than for someone who suffers from weight loss, but does not have
insomnia.

Since the Ising model assumes that only pairwise interactions exist, the conditional probability
of z; given all other variables is therefore reduced to the conditional probability of z; given the

neighbours of x;:

Po(zj [ 2\;) = Po(x; | Tne(j)) ®

where ne(j) is the set of neighbours of node x;. We can now relate the Ising model to undirected

graphs, since any set of variables for which conditional probabilities can be written as in (8) satisfy



the Markov property2. A set of random variables with the Markov property can be described by
an undirected graph. Such graphs are also known as Markov random fields, Markov networks, or
undirected graphical models”. In daily practice, the graph structure of psychological constructs is
unknown, as opposed to the spins in a ferromagnet that are arranged as in Supplementary Figure
S1. Therefore, the estimation of the unknown graph structure is of central importance.

By viewing X; as the response variable and all other variables X\; as the predictors, we may
fit a logistic regression function to investigate which nodes are part of the neighbourhood of the
response variable. The intercept 7; of the regression equation is the threshold of the variable, while
the slope 3, of the regression equation is the connection strength between the relevant nodes. In
order to perform the logistic regression, we need multiple independent observations of the variables.

To establish which of the variables in the data are neighbours of a given variable, and which

are not, we used ¢;—regularised logistic regression%%.

This technique is commonly called the
lasso (least absolute shrinkage and selection operator) and optimises neighbourhood selection in a

computationally efficient way, by optimising the convex function

(:);7 = arg ming {—z;; - (7j + Z Bjkxik) + log(1 + exp{r; + Z TikBin}) + p Z 1Bk}, (9)
= ke =

in which ¢ represents the independent observations {1,2,..,n}, (:)5 contains all 3;, and 7; param-
eters, and p is the penalty parameter. The final term with p ensures shrinkage of the regression
coefficients%?. This optimisation procedure is applied to each variable in turn with all other vari-
ables as predictors. To this end, the R package glmnet can be used!’. The glmnet package uses
a range of maximal 100 penalty parameter values. The result is a list of 100 possible neighbour-
hood sets, some of which may be the same. To choose the best set of neighbours, we used the
EBIC!!' (extended Bayesian Information Criterion). The EBIC has a good trade-off between pos-
itive selection rates (proportions of true selected edges) and false discovery rates (proportions of
false positives among the selected edges) in selecting edges in the Ising model'2. The EBIC is the
ordinary BIC with an additional term that penalises more complexity (more connections) and more

variables. The EBIC is preferable in this situation, because the ordinary BIC is too liberal for high



dimensional data'!. The EBIC is represented as

BIC, () = —20(67) + |J| - log(n) + 27|J| - log(p — 1), (10)

A~

in which £(©;) is the log likelihood (see below), |J| is the number of neighbours selected by logistic
regression at a certain penalty parameter p, n is the number of observations, p — 1 is the number of
covariates (predictors), and «y is a hyperparameter, determining the strength of prior information on
the size of the model space!3. From equation (5), it follows that the log likelihood of the conditional

probability of X; given its neighbours X, ;) over all observations is

e(j

n
K((;)j) = Z Tj%ij + Z Bjkxijrie — log(1 + exp{r; + Z zikBik}) | - (11)
i=1 keW; keW,
The EBIC has been shown to be consistent for model selection and to performs best with hyper-
parameter v = 0.25 for the Ising model!3. The model with the set of neighbours J that has the
lowest EBIC is selected.

At this stage, we have the regression coefficients of the best set of neighbours for every variable;
i.e., we have both 8, and f;; and have to decide whether there is an edge between nodes j and
k or not. Two rules can be applied to make the decision: the AND rule, where an edge is present
if both estimates are nonzero, and the OR rule, where an edge is present if at least one of the
estimates is nonzero%8,

Although we do have the final edge set by applying one of the rules, note that for any two
variables j and k, we get two results: the result of the regression of j on k (1), and the result of
the regression of k on j (8;). To obtain an undirected graph, the weight of the edge between nodes
j and k, wjg, is defined as the mean of both regression coefficients 3;, and Sj;. This methodology is
incorporated in the R package IsingFit (http://cran.r-project.org/web/packages/IsingFit/

IsingFit.pdf).



Supplementary Results

Another way to assess effectivity of the method is to inspect the F1 score, which takes both precision
and recall into account '*. Precision expresses the proportion of correctly estimated connections with
respect to all estimated connections and is defined as PRE = TP /(TP + FP). Recall corresponds to
the proportion of correctly estimated connections with respect to all connections that should have
been estimated and is defined as REC = TP/(TP + FN), which is in fact the same as sensitivity.
The F1 score is then defined as F; = 2 - PRE - REC/(PRE + REC).

F1 scores increase with more observations but to a different extent for different conditions
(Supplementary Table S2). For almost all conditions with more than 100 observations, F1 scores
are moderate to high (M = .713, sd = .143)). The only exception results when the largest random
and scale-free networks (100 nodes) are coupled with the highest level of connectivity, as we also
have seen in the results of sensitivity and specificity in the main text. In these cases, the F1 score
is low (.271) and moderate (.516), respectively.

More detailed information about eLasso’s performance is given by the two components of the
F1 score: precision and recall. Since recall is the same as sensitivity, we only discuss precision here.
Overall, precision is high across all conditions (M = .920, sd = .122) with lower precision scores
for the largest and most dense random networks (see Supplementary Table S3).

In some cases it might be desirable to have a higher recall at the expense of precision. In eLasso,
recall can generally be increased in two ways. First, eLasso identifies the set of neighbours for
each node by computing the EBIC. EBIC penalises solutions that involve more variables and more
neighbours. This means that if the number of variables is high, EBIC tends to favour solutions that
assign fewer neighbours to any given node. In this procedure, a hyperparameter called v determines
the strength of the extra penalty on the number of neighbours!'3. In our main simulation study,
we used v = .25. When v = 0, no extra penalty is given for the number of neighbours, which
results in a greater number of estimated connections. Second, we applied the so-called AND-rule to
determine the final edge set. The AND-rule requires both regression coefficients f;; and fj; (from
the ¢1-regularised logistic regression of X; on X}, and of Xj; on Xj) to be nonzero. Alternatively,
the OR-rule can be applied. The OR-rule requires only one of 8, and fj; to be nonzero, which

also results in more estimated connections.



Applying the OR-rule and v = 0, indeed results in a loss of precision, but is still reasonable
across all conditions (M = .735, sd = .131; Supplementary Table S3). This indicates that, in a
liberal setting, the estimated network contains more connections that are not present in the true
network than in the more conservative setting.

To conclude, inspecting the F1 scores (and its component precision), confirm the results for
specificity. eLasso adequately recovers the true network structure in almost all simulated conditions.

Exceptions to this rule are larger and/or more dense networks.



10.

. Ising, E. Beitrag zur theorie des ferromagnetismus. Z. Phys. A-Hadrons. Nucl. 31, 253-258

(1925).

Kindermann, R. & Snell, J. L. Markov random fields and their applications, vol. 1 (American

Mathematical Society Providence, RI, 1980).

. Association, A. P. Diagnostic and statistical manual of mental disorders (4th ed., text rev.).

(American Psychiatric Publishing, Inc., 2000).

Cipra, B. A. An introduction to the ising model. Am. Math. Mon. 94, 937-959 (1987).

. Loh, P. L. & Wainwright, M. J. Structure estimation for discrete graphical models: Generalized

covariance matrices and their inverses. Ann. Stat. 41, 3022-3049 (2013).

. Ravikumar, P., Wainwright, M. J. & Lafferty, J. D. High-dimensional ising model selection

using 11-regularized logistic regression. Ann. Stat. 38, 1287-1319 (2010).

. Wainwright, M. J. & Jordan, M. I. Graphical models, exponential families, and variational

inference. Found. Trends Mach. Learn. 1, 1-305 (2008).

. Meinshausen, N. & Biihlmann, P. High-dimensional graphs and variable selection with the

lasso. Ann. Stat. 34, 1436-1462 (2000).

Tibshirani, R. Regression shrinkage and selection via the lasso. J. Roy. Statist. Soc. Ser. B 58,

267-288 (1996).

Friedman, J., Hastie, T. & Tibshirani, R. Regularization paths for generalized linear models
via coordinate descent. J. Stat. Softw. 33, 1 (2010).

10



11.

12.

13.

14.

Chen, J. & Chen, Z. Extended bayesian information criteria for model selection with large

model spaces. Biometrika 95, 759771 (2008).

Foygel, R. & Drton, M. High-dimensional ising model selection with bayesian information

criteria. arXiv preprint arXiv:1403.3374 (2014).

Foygel, R. & Drton, M. Bayesian model choice and information criteria in sparse generalized

linear models. arXiv preprint arXiv:1112.5635 (2011).

Jardine, N. & van Rijsbergen, C. J. The use of hierarchic clustering in information retrieval.

Inform. Storage Ret. 7, 217-240 (1971).

11



(02L°0) #18°0  (69L0) L18°0 (88L°0) 8€8°0 (1€5°0) 915°0  (689°0) $0L°0  (952°0) 08L°0 (122°0) 922°0  (¥6%°0) 96%°0 (¥SL°0) 0080 00T
(¥6L°0) 888°0  (¥6L0) ¥¥8°0 (018°0) ¥S8°0 (812°0) 8650  (£2L0) 9790  (008°0) ZT8°0 (829°0) 0890 (29,°0) L0S'0 (86L°0) 9780 0€
(L08°0) 0780  (608°0) LF80 (L18°0) £€98°0 (€18°0) 612°0 (¥18°0) €920 (¥08°0) 080 (¥62°0) 1280 (118°0) LFS'0 (P0S°0) 8€8°0  0C 0002
(e#8°0) €280 (L88°0) ¥88°0 (598°0) LL8°0 (L88°0) 2280 (L28°0) 7680 (S¥8°0) LFS0 (ce80) 6280 (0€8°0) 980 (2¥80) 1280 01
(912°0) #€2°0  (L12°0) S2L0  (F¥L°0) 69L°0 (€87°0) TFF°0  (8£9°0) 8250 (989°0) 829°0 (1€2°0) €81°0  (0€7°0) 0070 (502°0) 91L°0 00T
(6%L°0) 8.2°0 (16L°0) 62L°0 (292°0) 98L°0 (L69°0) G050  (¥L9°0) 9560  (¥£L°0) 92270 (7£9°0) €950 (022°0) ST, 0 (8FL0) 6420  0F
(#2L°0) 0620 (04L0) 18L°0 (984°0) ¥6L°0 (¥8L°0) 865°0  (¥9L°0) 1690  (¥9L°0) TFL0 (092°0) s¥2°0  (922°0) 92L°0 (¥9L°0) T6L°0 0T 0001
(0£8°0) 8¢8°0  (928°0) ¢80  (¥&8°0) ¥38°0 (868°0) 0940 (£38°0) ¥SL°0  (L8L°0) 98L°0 (708°0) T18°0  (18L°0) 26,0 (96L°0) 8€8°0 0T
(6£9°0) 7650 (079°0) 0090  (£29°0) ¥%9°0 (€19°0) 962°0 (££9°0) aL¥'0  (L6S°0) 6£S°0 (Lr10) OvT°0  (182°0) 2620 (L95°0) 0860 00T
(289°0) 8¢9°0  (169°0) 099°0 (F12°0) L89°0 (805°0) 06£°0  (¥85°0) 607°0 (299°0) 929°0 (¥eg0) ¢vF'0  (02L9°0) 2¥9°0 (€69°0) €990  0€
(€2L0) €89°0  (¥1L0) €890 (3€L0) €TL0 (€2£9°0) 29%°0  (60L0) 6250 (369°0) €59°0 (¥69°0) €990 (812°0) 289°0 (069°0) €690 0% 006
(88L°0) 0820 (86L0) ¥SL°0  (6LL°0) €9L°0 (68L°0) 6390  (69L°0) €990  (L¥L0) €1L°0 (L52°0) 9¥2°0  (82L°0) 100 (112°0) 2020  OT
(662°0) 8910  (01€°0) 091°0 (1€°0) ¥12°0 (171°0) 9200 (912°0) S1°0  (SL5°0) 6%1°0 (091°0) ¥S0'0  (281°0) 001°0 (062°0) S¥YT'0 00T
(gev0) 1820 (907°0) €20 (97%°0) G0 (L81°0) €80°0 (g22°0) STT°0  (0L£0) 2ST°0 (L¥€0) 2020 (02¥0) Gzz0  (90%°0) ¥S2'0  0€
(097°0) 982°0  (127°0) PIE0  (827°0) ¥1€'0  (90¥°0) €10  (0¥°0) 981°0  (£27°0) ¥82°0  (097°0) 162°0 (197°0) 282°0 (2€7°0) 9080 02 (o1
(99¢°0) 607°0  (9%5°0) 070  (I8S°0) TO¥'0 (625°0) 165°0  (¥05°0) 90€°0 (187°0) 09€°0 (62¢°0) 69¢°0 (219°0) ¥8€°0 (68F°0) 6680 0T
1=ud ¢ =ud T =ud (¢ng=nrd (cgT)g="rd 1=0d (¢ct)e=d (om)g=d  (g0)T'=d “PMu 25
ﬁEOB :jmam @@.H.wuwﬁﬁom EO@Q@MH
.mw@v@ﬁm@

uoam1a(q pake[dsip are () = L pue o[lI-}() oY} Y}m osseTo Surd[dde Jo s)nsoy "sjoorIq UoaM)o( PIARIASIP o€ SSoUPI)IaUU0D
JO S[PAd] SurjeIAdp ‘sopou (0T Yam syIomjou 10 ‘pordde st ggw = A pue omI-QNV oY) uoym ((Surimar jo Arqeqoid) ud
‘(yueuryor) e TeTjueIa)eld) nd ‘(U01p0aUU0D ® JO A[Iqeqold) d) SSaUPaldauUoD ‘S2POUy, 2%15g) SUOT)IPUOD SNOLIRA IOPUN PIYR[NUIIS
ST ®yR(] -osseTo Jo ooururIojrod Jo oInseouwl ® se ([[eddl pue uolswold U0 poseq) so100s-Tq :gS 9[qe], Arejusmaiddng

12



(£92°0) €960 (192°0) 696°0  (€8L°0) 696°0 (¥62°0) 886°0  (66L°0) ¥86°0  (LLL°0) 08670 (g62°0) ¢8¢°0  (957°0) 869°0  (2FL0) GS6°0 qud
(L22°0) €040 (9L20) 8040 (€6L°0) 8EL0 (86€°0) 670 (L09°0) 8¥S°0  (96L°0) 879°0 (082°0) 09T°0  (6£5°0) <8¢0 (L9L°0) 889°0 oag O
(992°0) 7760 (222°0) ¥¥6°0  (98L°0) 956°0 (698°0) 6,60 (¥8°0) 626°0 (26L°0) €670 (20L0) e#8°0  (122°0) 288°0 (68L°0) 0960  HHd
(¢28°0) ¥62°0 (818°0) €90 (L€8°0) TLLO (219°0) 0e%°0 (g1L0) €870 (L08°0) 8690 (999°0) 625°0  (808°0) 0FL°0  (808°0) 98270 oy %
(€220) 9860 (€82°0) &¥6°0  (66L°0) LF6'0 (€88°0) 986°0  (G98°0) 8260 (£08°0) 1160 (€62°0) 106'0  (982°0) T¥6°0  (G08°0) Y960  HHd
(778°0) 29270 (9€8°0) 69L°0 (L€8°0) €620 (#62°0) 9950 (69L°0) ¥69°0  (508°0) 169°0 (0¥8°0) ¥62°0  (8€8°0) 0440 (¥08°0) TFL0 oy %
(¥28°0) 0860 (098°0) L¥6°0  (2S8°0) T¥6°0 (288°0) 160 (€88°0) LL6°0 (8%8°0) 186°0 (828°0) 296°0  (628°0) 960  (628°0) TL6°0 qud 000z
(998°0) 5z8'0  (798°0) 628°0 (088°0) 128°0 (168°0) 2120 (048°0) 82,0  (2F8°0) 9FL0 (v80) 0180 (088°0) €220 (808°0) 1120 pay O
(952°0) 9960 (852°0) 696°0  (6LL°0) €26°0 (2L270) 1860 (gLL0) €86°0 (092°0) 08670 (6Lz°0) 6€£°0  (£87°0) 999°0 (€FL°0) 996°0 q9d
(089°0) €650 (6,9°0) 6,60 (€1L°0) 9€9°0 (18€°0) ¥85°0  (¥¥S°0) 6070  (¥59°0) 61570 (661°0) ¢21°0  (Lg¥°0) 982°0 (129°0) GLS0 oag 0T
(692°0) g¥6°0  (992°0) ¥¥6°0  (8L°0) GS6°0 (828°0) 6,60 (£€8°0) ©L6'0 (€LL°0) 72670 (169°0) ¢68°0  (0£2°0) 206°0  (90L°0) 8560  HHd
(072°0) 199°0  (8€2°0) €990 (2SL°0) 699°0 (e¥5°0) 070 (995°0) 6820  (669°0) 82570 (€82°0) 020 (0TL°0) €090  (9€L°0) 8890 oy %
(922°0) TH6'0 (922°0) L¥6°0  (L6L°0) €560 (6£8°0) 086'0 (c¥8°0) €860 (€6L°0) 0L6°0 (162°0) 0160 (692°0) £66°0  (92L°0) $L6°0 qud
(2L20) 1890 (¥92°0) ¥99°0  (9LL°0) 089°0 (602°0) 1670 (669°0) €850  (9£24°0) 66570 (0220) 0890 (782°0) €99°0 (26L'0) 9990  pmy ¢
(0¥8°0) 8860 (0¥8°0) T#6°0  (5€8°0) ¥£6°0 (206°0) 6260 (028°0) €96°0 (188°0) L96°0 (928°0) ¢¥6°0  (218°0) 9960  (66L°0) 166°0 q4d 000t
(0z8°0) 862°0  (P18°0) 160 (FI8°0) 8€L°0 (818°0) 90 (182°0) 0890 (9¢L°0) 399°0 (682°0) 0120 (26'0) 1290 (16L°0) 9220 pma  OF
(872°0) 1260 (852°0) €26°0  (S9L°0) ¥L6°0 (022°0) €260 (T€L°0) 646°0 (9FL°0) 62670 (€92°0) T1€°0  (66£°0) €¥9°0  (£62°0) 1960  HHd
(8¢¢'0) 8g¥'0  (#¢¢0) €870  (009°0) 18%°0 (682°0) 7L1°0  (0c¥0) T1€°0  (86%°0) 2LE°0 (¥91°0) 160°0  (9€€°0) 68T°0  (L£S°0) 9TF0 oag 07
(972°0) 976°0  (€52°0) €56°0  (LLL°0) 0960 (c2L0) 826°0  (982°0) 1960 (56L°0) 1L6°0 (7£9°0) 168°0  (822°0) 1060 (6GL°0) 8660  HHd
(596°0) 9660 (996°0) S66°0  (0L6°0) 966°0 (¥66°0) 6660 (1660) 666°0 (386°0) 666°0 (0L70) 860 (029°0) 867°0  (269°0) s0g0  omy O
(L22°0) 9860 (gLL0) 686°0 (8LL0) ¥56°0 (¢e8°0) 8260 (0€8°0) 0.6°0 (G6L°0) 0L6°0 (¥6L°0) €060 (£9L°0) 6€6'0  (8SL°0) 0L6°0 qud
(929°0) 8820 (999°0) 8850 (169°0) 6950 (£85°0) 200 (619°0) 7980  (€T9°0) 2670 (€79°0) 2250 (829°0) L850 (£89°0) 680 pma  °
(2e8'0) 0760 (££8°0) €760 (0%8°0) ¥56°0 (2e8°0) 160 (¥€8°0) ©86°0 (0T8°0) LL60 (678°0) ¢¥6°0  (96L°0) €960 (L8L0) GL60 qud 00%
(L82°0) €29°0  (€92°0) 829°0  (92L°0) 09°0 (#€L°0) 66%7°0 (€12°0) T0S'0  (289°0) 1950 (#02°0) L19°0  (3L9°0) 1650 (679°0) 0SS0 oy O
(¥79°0) 0260 (2£9°0) €96°0  (0L9°0) 196°0 (egv°0) 818°0  (¥8F°0) 0860 (L£S°0) 98670 (661°0) 6¥2°0 (92€°0) 687°0  (2469°0) 2660  HHd
(g61°0) 2600 (¢0T°0) 2800 (8€2°0) TE1°0 (¢80°0) 070°0  (6€1°0) 290°0 (G81°0) 180°0 (¥€1°0) 1800 (2€T°0) 950°0  (981°0) 080°0 oag 0
(989°0) 1660 (689°0) 296°0  (S69°0)096°0 (L£0) 590 (¥2g0) T0S'0  (£65°0) 2€6°0 (019°0) 818°0  (099°0) 016°0  (£59°0) €56°0 qud
(50€0) ¥P1°0  (L82°0) L¥T0  (82€°0) 0910 (921°0) ¥70°0  (981°0) ¥90°0  (692°0) 9F1°0 (v20) ST (L08°0) 8210 (362°0) 9v10 Dy O
(902°0) 2560 (22L0) 1860  (81L°0) TS6°0 (609°0) 2280 (£99°0) 988°0  (GF9°0) 906°0 (81L°0) #26°0 (2Tl 0) 9760 (SF9°0) 986°0 qud
(2r£0) 8910 (67€°0) 6310 (698°0) 8810 (S0£°0) 7L0°0 (887°0) POT'0 (STE'0) 89T'0  (688°0) £LT°0  (685°0) 9910 (veg0) 8170 OFy  °C 00T
(¥18°0) 9760 (018°0) 836°0  (¥6L°0) 296°0 (€62°0) 176°0  (L¥L0) €06°0 (2T2°0) 29670 (082°0) 6¥6°0 (622°0) L¥6°0  (S65°0) 968°0  HHd
(¥e¥°0) 092°0 (c1¥°0) L850  (8S¥°0) €520 (£6€°0) cL1°0  (08€°0) ¥81°0  (€9€°0) 1220 (607°0) 6250 (96€°0) 1750 (8%€°0) 95270 oy O
1=ud ¢ =ud T =ud (¢ne=rd (sgT)z="0d T=nod (greg=d  (om)z=d (o)1 =d sopouyy o1y
@EO& :&Em mweﬂnmﬂmom anﬁﬂﬁm

‘SpoxoRIq UeaMmIaq paAe[dsIp a1k () = A pur o[nI-() oY) Yym osseTo Surd[dde jo symsey ‘sjoxoeiq
UooM}9(q POAR[ASIP oIk SSOUPIIIIUUOD JO S[OAI] SUIPRIASD ‘SOpou ()T YHm syIomjau 104 ‘porjdde st ¢z = L pue oMI-(NV 2U)
uoym ((Surmimar jo Ariqeqord) ud ¢ (yusturypele [erustojeld) nd ‘(uorpeuunod e jo Ariqeqold) d) sseupojoeuuod ‘SPOUy, 2%1sg)
SUOI}IPUOY SNOLIRA IOPUN POYR[NUILS ST BIR(] ‘POSBQ SI 9100S-T ] 97} UY2IM UO [[BI2I PUR UOISAI] €S 9[qe], Arejuswaiddng

13



