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Abstract—We propose a simplified architecture for a recurrent
neural network designed for learning from structures. We
describe the architecture and the implementation and show the
performances of the net. Two examples from the science domain
are discussed: the first uses a synthetic data set and the second
illustrates a chemical problem. We discuss about the results and
compare them to other applications, in terms of performances
and computational complexity
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L INTRODUCTION

In the general domain of data mining many problems arise if
the data of interest have a structure. In fact, most of machine
learning application are designed to work with flat data, i.e.
data with a fixed dimension and no structured or hierarchical
information. A standard feed-forward neural network, for
example, can process data which can be represented in fixed-
dimension vectors. In many applications, however, this can be
a limit, because a fixed-dimension encoding of input data can
result in loosing information, or it forces some hypothesis on
data, such as their maximum size or their configuration. This is
the case of structures, i.e. data that can be represented as sets of
elementary units connected by some relation.

The neural model we propose derives from research in
learning from structures [1] - [5]. We designed it to work with
an important subclass of structures: directed positional acyclic
graphs (DPAGs) with a limited in-degree. In particular, our
neural network architecture is thought to compute scalar
functions on structures (DPAGs). This can be useful in many
research fields, from chemistry to natural language, from
pattern-recognition to software engineering.

Our approach has been more specifically designed for
chemistry and bioinformatics. Chemical compounds can be
represented using DPAGs: nodes can represent single atoms or
molecular fragments; edges can represent bonds or other kinds
of relation between nodes. QSPR (Quantitative Structure-
Property Relationship) and QSAR (Quantitative Structure-
Activity Relationship) applications have the goal to learn the
relationship between the structure of chemical compounds and
their physical/chemical properties or their biological activity
(i.e. their interaction with other compounds, biological
receptors, etc.) [6.].
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Traditional approaches to QSPR/QSAR problems use
molecular descriptors: structures are pre-processed in order to
extract a vector of values which becomes the input for a
traditional learning machine. A priori we do not know which
descriptors are really useful for the specific application, so this
classical approach leads to build very complex models, with
lots of input variables, while some optimizations can be done
only when a significant model has been built. It would be
desirable to have a learning machine which can directly
process structures, avoiding all these problems.

DPAGs and subclasses of them, such as trees, are
traditionally used in Artificial Intelligence to represent
concepts, patterns, ontologies, trees of solutions. So learning
from structures can be very useful for pattern-recognition
tasks. DPAGs are also used in software engineering to
represent modules, dependencies, the flow of an algorithm.
Learning from those structures could be useful to get
estimations of some software properties.

In the following sections we describe the available methods
in learning from structures, we propose our algorithm, we
illustrate examples of use, and finally we compare it with other
available models. In the Appendix we give details of the data
used in learning.

II.  INPUT FORMAT AND DPAGS

A DPAG is a particular kind of graph, i.e. a set of nodes and
edges. A node is an elementary unit identified by its /abel. The
label could contain categorical and/or quantitative attributes,
such as the name of the node (or the entity the node
represents) and some properties. An edge is a line which
connects two nodes. In a DPAG edges are directed lines, so
they connect two nodes in a precise order. The in-degree of a
node is the number of edges which enter a node, while the out-
degree is the number of edges coming out from a node.

A path is a sequence of edges connecting a node to another,
following the direction of edges. A cycle is a circular path, i.e.
it starts and ends on the same node.

A positional graph is a graph in which the connections to
nodes have a precise position: if we consider, for example, a
binary tree, we can distinguish the left-wise from the right-
wise subtree and we can give a different meaning to those
connections. A family tree, for example, can be represented



through a binary positional tree in which left connections
come from male ancestors while right connections come from
female ones.

A DPAG is a directed, positional and acyclic graph, chosen
as a way to represent structures of data. For our application
there are three further requirements for input structures. The
first one is to limit the in-degree: our computational model
requires to know the maximum number of sub-trees which can
be connected to a node. The second requirement is that the
graph has to be connected: if we ignore the direction of edges,
we should be able to find a path which connects two arbitrary
nodes. The third is that a graph must have a super-source, i.e. a
node s such that every other node of the graph can be reached
by a direct path starting from s.

III. NEURONS AND RECURRENT NETWORKS

The most known and used approaches to the exploration of
structured data is the recursive approach.

The simplest structure we can consider is a sequence, i.e. a
directed graph in which each node can’t have more than one
predecessor and one successor. The variable length of the
sequence makes it difficult to define a standard way to compute
functions on it. Anyway, we can consider a recursive function
that takes as input some information on the current node and
the results of the elaboration on its predecessors.

The Fahlman recurrent neuron [1] receives new data about
the current node from standard input, while the recurrent
connection makes the neuron to compute information on the
“past”, as illustrated in Fig. 1.

For our model we used the same definition of generalized
recurrent neuron from [5]. A generalized recurrent neuron is a
standard artificial neuron whose output connection is
connected to some of its inputs. Each recurrent connection
brings information computed on each sub-tree.

Given a graph, if we unfold all the recursions we get a feed-
forward neural network which has the same topology of the
input graph, as shown in Figure 2. A similar recurrent approach
to structures has been studied by [7] using vector machines.

If the parametric function to train is g4 the graph in Figure
2. could be represented as:

S(graph)=g,(2,(g4-89)-&4)

Figure 1. . A recurrent neuron
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Figure 2. Figure 2 a) a recurrent neuron; b) a tree structure and c) the
corresponding feed forward network that can be obtained unfolding the
recursion.

IV. NETWORK MODEL IN IRENNS

We developed our neural network from the cascade-
correlation architecture [8]. The architecture of the neural
network can be primarily divided in two main blocks: a hidden
layer and an output layer, as illustrated in Figure 3.

The output layer can be constituted by a single neuron or a
standard feed-forward neural network, while the hidden layer
consists in a number of hidden units of recursive neurons. The
structure of the neural network is progressively modified
during the training, adding one after one new hidden units,
while trying to make the output of the network more and more
precise.

The training algorithm executes the following steps:

1. the initial network is constituted by the only output
layer, which is trained;

2. anew hidden unit is added to the structure and it is
trained in order to maximize the correlation
between its output and the error of the previous
network. While training, the new hidden unit is not
connected to the output layer;

3. the new hidden unit is connected to the output
layer, its weights are frozen and the output layer is
trained again with this new input. If the results are
satisfactory the algorithm stops, otherwise a new
hidden unit can be introduced (as in step 2).

RecurrentNeuralNet

——— HiddenUnitContainer. —— OutputLayer

-

A
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Figure 3. Schema of the network



The simplest hidden unit that can be used is a recursive
neuron. A recursive neuron is characterized by a set of inputs, a
net function which combines inputs (for example, a weighted
sum) and an activation function (for example, a sigmoid).
Inputs can be divided in three categories: a bias input, with a
conventional value (usually 1); some data inputs; some
recursive inputs, which let to compute the results of previous
computations.

While processing a tree structure, the data inputs give the
network information about the current node (the node label);
the recursive inputs bring information coming from sub-trees.

For example, in processing the tree in Figure 2, the network
starts from the leaves 1, 2, 4. They have no sub-trees, so the
recursive neuron will not have any significant input from the
recursive connections and the only information it has to
compute is included in data inputs (information about the
nodes 1, 2, 4) and bias. The network can now process node 3:
the recursive inputs bring the results of elaboration in node 1
and 2 (sub-trees of 3), while the data input give information
about the current node (3). Finally the root of the tree (5) can
be processed. Recursive inputs bring the results from the sub-
tree constituted by nodes 1, 2, 3 and the sub-tree 4, while the
data input gives information about the current node (5).

We can imagine to unfold all the recursions during the
elaboration of an input graph. If we do so, we get a feed-
forward neural network constituted by the same kind of
neurons and with the same topology of the input graph (figure

1.2 (0)).

Our model, IReNNS (Independent Recursive NN
Structure), has independent hidden units. This means that
hidden units are not mutually connected: their inputs come all
from input graphs and from their own recursive connections;
no input comes from previously introduced hidden units.

This is an important difference from the cascade-correlation
architecture [8], and significantly speeds up the training
algorithm. Another difference from cascade-correlation is the
possibility to define more complex hidden units (for example
small multi-level neural networks).

V. TRAINING IN IRENNS

IReNNS is a neural network composed by two main blocks:
a hidden unit container and an output layer. The construction
and the training process of the network involves operations on
both these components.

Figure 4. shows how the network structure is modified
during training. When the algorithm evaluates results (2, 8, 14),
it checks if they are satisfactory (for example, the error is
enough small or there is the risk of over-fitting) and in this case
it stops; otherwise a new hidden unit is added and trained.
When the new hidden unit has been trained, it is connected to
the output layer as a new input and the output layer is trained
again. In out implementation the output layer is constituted by
a single neuron.

For hidden units we firstly have to choose a performance
function, which can be the correlation function or some other
function related to the effectiveness of the solution. Then, as
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hidden units are recursive elements, we have to compute the
gradient of this performance function through the recursions.

Our neurons compute the following function (1):

x,(n) = Flnet, (n)) =

nDatalnpist nFeedbacks ( 1 )
w, + Zwili (n)+ ijxk (chj (n))
i=l j=1

where
e  Fis the activation function (i.e. a sigmoid...),
e nisanode of a graph,
e [(n) is the label of that node and
e chyn)is its j-th child.

The partial derivatives of the output of this kind of neuron
have the following expressions:

M _ F'(netk (I’l)) (l + ifvﬁ axk(c}l/(n))J 2)

ow, ! o
) n, . ox(ch,(n)
)ng(in) _ F'(netk (n))[l[ (n)+jz=;,w,/ x"(;WIn)J 3)
%A([n) = F'(net, (n)){xk (ch, (n))+gﬁf; ax"(;zj(n))] 4
where

e P’ is the first derivative of the activation function,
e w0 is the bias, wi are weights associated to data

inputs
e "i are weights associated to feedback
connections.
IReNNS Ou!gulLayer HiddenUnitContainer HiddenUnit1 HiddenUnit2
. TrainOL
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Figure 4. Steps in training IReNNS networks.



VL EXAMPLES AND VALIDATION

The model so far described has been implemented in java as
a standalone application, available for download [9].

The software lets import datasets from CSV files, configure
training parameters, train the network, compute results and
produce reports about the model performance. A module for
n-fold-cross-validation is also provided.

The performances of this model have been tested on two
datasets. The first trial is on a synthetic data set, according to
the recommendation in [10] for testing machine learning
algorithms.

This first data set represents family trees and the target
function is the logarithm of the probability of transmission of
a genetic illness (the autosomic recessive disease). This is an
artificial dataset of 63 elements, where the target function has
been determined using Mendel’s laws [11]. Although the
presence of 8 outliers, the validation performances made with
ten fold cross validation are good with quite small models
(about 30 hidden neurons). The correlation and determination
coefficients are very near to 1, while the mean absolute error
is 1.2993 and, removing outliers, it goes down to 0.9742.

The second dataset is a QSPR(Quantitative Structure
Property Relationship) application [8], [12]: the input structure
is a simplified representation of 150 Alkanes molecules, while
the target function is their boiling point. A set of alkanes with
their experimental boiling point has been provided in [8] and
already used by [13] to develop a neural model. See the
dataset in Appendix 1.

Alkanes are saturated acyclic hydrocarbons, as illustrated in
Fig. 5. Those structures can be represented as strings using the
SMILES codes [14]. In this case, the smiles representation is
given in equation 5:

ch3(c (ch3, ch3, ch2 (ch(ch3, ch3)))) %)

Since the hydrogens are fully distributed and all the bonds
are single bonds, we can remove the hydrogens, as in Fig 6,
and obtain the simplified representation of equation 6:

H H
H—C—H H—C—H
H | H | H
H——c—& & dn
VO B
H—C—H
H

Figure 5. An alkane molecule, the 2,2,4 - trimethil pentan.

1T
C—C—C—C—C

Figure 6.  The reduced representation
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C(C(C, C, C(C(C O (6)

Using the simplified structure representation of alkanes we
trained IReNNS models to predict their boiling point. The
results have been tested using ten-fold cross-validation.

We may observe, from the experimental data, that each new
Carbon atom increases the boiling point of about 20 to 30
degrees, but this rule is not linear. In particular the small
molecules (as methane) have a different behaviour and are
omitted in the results of the Cherqaoui model. We consider
instead all the molecules with a maximum of 10 Carbons, for a
total of 150 compounds as above indicated.

Our models have a variable complexity from 25 to 63
hidden neurons and, due to the high variability of the target
function (from —164 °C to 174 °C) and the presence of
outliers, the mean absolute error of our models was 5.37 °C,
while the correlation and determination coefficients had the
value of 0.989 and 0.969.

We see in Figure 7 the results of the chosen IReNS model,
and in Table 1 a comparison with the other mentioned models.
The comparison of the results in Table 1 is based on four
parameters: mean square error, mean absolute error,
correlation coefficient, coefficient of determination (see in
Appendix 2 the definitions of the used parameters).

200
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Figure 7. .Predicted boiling point versus experimental boiling point as
obtained from our IReNNS model on Alkanes

TABLE 1. COMPARISON OF DIFFERENT MODELS TO PREDICT THE
ALKANES BOILING POINT
Model £ Euns R R
Cherqaoui 59,56 3,09 0,997 0,966
Cascade- 59,53 3,28 0,989 0,865
IReNNS 50,18 5,37 0,989 0,969
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VIL DI1SCUSSION AND CONCLUSION 48 | 23-dimethyl-3-ethylpentane C(C(C,C(C.C(C).C(C)) 141,6
49 2,2,4 4-tetramethylpentane C(C(C,C,C(C(C,C,Q)) 122,7
The three models before compared have similar 50 2,2,4-trimethylhexane C(C(C,C,C(C(C.C(C)))) 126,5
performances. With respect to IReNNS, the cascade 51 24 4-trimethylhexane c(e(c.cc(e.c.cem 126,5
R . o ’ 52 2,2,5-trimethylhexane C(C(C,C,C(C(C(C,.OM) 124
correlation model has a lower R” but also a lower absolute 53 2.2-dimethylheptane C(C(C.C.oCCCON) 327
error. The Cherqaoui model, a multilayer feed-forward NN, 54 3,3-dimethylheptane C(C(C(C,C,C(C(C(C))) 137,3
reaches the same R’ at the cost of computing a vector of gg 3_“‘3'{4}1"1'_%‘_‘3;2};::“‘;%?(’;‘:]6 ECECE (C(C)Cé( C(g:);;;g; ﬁg’é
molecular characteristics to be used as input to the network, 57 3’3_)éimethy|p);mane C(CC(C©).CCLCC)) 126.2
and omitting small molecules that have a peculiar behavior. 58 2,3 4-trimethylhexane C(C(C,C(C,C(C,C(T))) 139
The explanation of the worse result in the mean absolute error gg 2'4'2d'3m5€_ttkr‘i>r’1'1';':tn]322::§"e CECEC CEC(&)CC(E:C&;;; 1?3172
is in the small number of neurons that we have in the network 61 ié_dimethwéemane C(C(C,C(C.CCCON) 140 5
when it is stopped. This number can be reduced a bit with a 62 3-ethyl-2-methylhexane C(C(C,C(C(C),C(C(C))) 138
greater number of neurons, but with computational costs gi é&;'?iﬁgﬁ:ﬁ;ﬁ;’;e gECECEC (g()CC(Cé (:((C);ng 128'1
The advantage of our IReNNS architecture is the simplicity, 65 2 4-dimethylheptane C(C(C.c(ec.cecem) 133,5
the reduction in the number of the hidden neurons, and the gg 4??_’3;3};?;%2?::28 gECEC(C( E EC)QSB;;; 1313?;2
limited computer time necessary. 68 2,5-dimethylheptane C(C(C,C(C(C(C,C(C))) 136
69 2,6-dimethylheptane C(C(C,c(eeccecc.eom 135,2
70 2-methyloctane C(C(C,CCCCCOM) 142,8
APPENDIX 1: THE ALKANES DATA SET Al 3-methyloctane c(c(c(e.ceececemn 1433
72 4-methyloctane C(C(C(C(C,C(C(C(C)))) 1424
73 3-ethylheptane C(C(C(C(C).ce(cEeN 143
ID NAME STRUCTURE ce 74 4-ethylheptane C(C(C(C(c).cceNM) 141,2
75 nonane C(C(C(C(C(C(CCC))) | 151,77
; ”;f:;’;e C(CC) -;afg 76 | 2,2,3,3 4-pentamethylpentane | C(C(C,C,C(C,C,C(C,C)))) | 166,05
3 propane C(C(C)) -42:1 7 2,2,3,3-tetramethylhexane C(C(C,C,C(C,C,c(C(C)) 158
4 2-methylpropane C(C(C,C)) -11,7 78 | 3-ethyl-2,2,3-trimethylpentane C(C(C,C,C(C,C(C),C(O)) 168
5 butane C(C(C(C)) 0.5 79 3,3,4,4-tetramethylhexane C(C(C(C,C,C(C,C,C(C))) 170,5
6 2,2-dimethylpropane C(C(C.CC) 9,5 80 | 2,2,3,4,4-pentamethylpentane C(C(C,C,C(C,C(C,C,C)) 159,29
; Zmethylbutane cle@.cen 2; :3 81 | 2.,2,34-tetramethylhexane C(C(C,C.C(C.C(C.CON) 154,9
s - dirrf;fﬁsmane =t (( ((c (c é ());g) ol 82 | 3-ethyl-2.2 A-rimethylpentane | C(C(C.C.C(C(C).C(C.C)) | 1553
10 2:3—dimethylbutane C(C(C,C(C,Q)) 58 83 2,3,4,4-tetramethylhexane C(C(C,C(C,C(C,C,C(C)) 162,2
11 2-methylpentane O 503 84 | 2,2,3 5-tetramethylhexane C(C(C,C,C(C,C(C(C.O)) 1484
12 3-methylpentane C(C(C(C,C(C)))) 63,3 85 2,2,3-trimethylheptane C(C(C.c.ce.cecem) 158
13 hexane C(C(C(C(C(O)) 69 86 | 2,2-dimethyl-3-ethylhexane C(C(C.C.C(C(C).c(ceN) 159
14 2,2,3-trimethylbutane C(C(C,C,C(C,C))) 80,9 g; - §§’4-tf:1mﬂhy”;emane gEgE (g 8 g(g(‘é() (( );gig 12;‘
> ,3-dimethyl-4-ethylhexane
5| 5-dimeihyioanione IO de. | [60 [ 253t remeiyhoane | CCCOCOCEOON) [ Tohss
T 7o) : 90 3,4,4-trimethylheptane C(C(C(
7 2,3-dimethylpentane clee.ce.con e 91 | 34-dimethyl-3-athylhexane | C(C(C(C.C(C),C(C,C(C)) 170
13 zf'd"?:t:'r?ema”e &(g((g&ggg))))))))) 809’3 92 | 3-ethyl-2,34-timethylpentane | C(C(C.C(C.C(C),C(C.C)) | 169,44
-me! exane ,
20 3.mem§|hexane C(C(C(C,C(CO)) 22 93 | 2,3,3 5-tetramethylhexane C(C(C,C(C,C.C(C(CON) 153
21 3-ethylpentane C(C(C(C(C),C(C)))) 93,5 94 2,3 3-trimethylheptane C(c(c.cc.c.ececem) 160,1
22 heptane CC(CCCCN) 08.4 95 | 2,3-dimethyl-3-ethylhexane C(C(C,C(C,C(C).C(C(C)) 169
23 2,2,3,3-tetramethylbutane C(C(C,C,C(C,C,C)) 106,5 96 | 3,3-diethyl-2-methylpentane C(C(C,C(C(C).C(C).C(C))) 174
24 2,2,3-trimethylpentane C(C(C,C,C(C,C(C))) 110 97 2,2,4 4-tetramethylhexane C(C(C,C,C(C(C,C.C(O)))) 153,3
25 2,3,3-trimethylpentane C(C(C,C(C,C,C(C))) 114,7 98 2,2,4,5-tetramethylhexane C(C(C,C,C(C(C,c(c.om 148,2
% 2.2.4-trimethylpentane C(C(C.COCC.ON) 99.2 99 2,2, 4-trimethylheptane C(C(C,C.C(C(C.C(CO))) 147,7
57 2.2-dimethylhexane C(C(C.C.CCCON) 106.8 100 | 2,2-dimethyl-4-ethylhexane C(C(C.C.C(C(C(C).C(C))) 147
28 3:3—dimethylhexane C(C(C(C,C,C(C(C)))) 112 101 3,3,5-trimethylheptane ggggg(g(c(g(C(g(ggg;gg;; 1551,g§
102 2,4,4-trimethylheptane
gg 3;;“3";9."’“?}:“}""3?‘6”6 %(%(%(%%((é)*g(g”” Hgi 103 | 24-dimethyl-4-ethylhexane | C(C(C.C(C(C.C(C),C(C)) 158
3 5 '3'd.”mem ’l’hpe" ane : (c (c = (c ’C( ’c)») Tiee | [104 | 2255 tetramethylhexane C(C(C,C.C(C(C(C,C,C))))) | 137,46
2 ot g“e > lexa’t‘e (C(C,C(E.CC (C))))) Tiee [105 2,2 5-trimethylheptane C(C(C,C,C(C(C(C,CON) 148
3 ‘; 4y(;. 'mt’f] % perrane c(c( (e (c)c (c ) 777 106 2,5,5-trimethylheptane C(C(C.C(C(C(C,C.CC))) 152,8
3 oy d!methylhexa"e C(C( C, (C CECQ;;; 094 107 2,2,6-trimethylheptane C(C(C,C.C(C(C(CC.ON)) 1482
. 2 ooty oane c(c( cc (ccc e [108 2.2-dimethyloctane C(C(C,C.C(CCCCCN) 155
% > '”t‘he ke tx (C (CC(C(C(C C»m 76 [109 3,3-dimethyloctane C(C(C(C,C,CCCC))) | 161,2
> s'methylhgptzzz (C( (Ceee)m gl 110 2 4-dimethyloctane C(C(C(C(C,C.CCCY)) | 1575
-metnhy’nep S(CC(C.CCCCI) 111 3-ethyl-3-methylheptane C(C(C(C,C(C),C(C(C(C))) | 163,8
38 4-methylheptane C(C(C(C(C.CCCM) 177 | 12 | 4-ethyl-4-methylheptane C(C(C(C(C,C(C).CCCYN) 167
39 S-ethylhexans Ce(e(c(e).c(c(CN) 185 | 413 3,3-diethylhexane C(C(C(C(C),C(C).CCCY)) | 1663
40 octane C(C(C(C(C(C(C(C))))») 1257 | ™14 | 2,34 5etramethylhexane C(C(C.C(C.C(C,CC.ON) 161
41 | 22,3 3-tetramethylpentane C(C(C, 8 g(g 8 (C;( c)))) 14027 | 15 2,3,4-trimethylheptane C(C(C,C(C.C(C.C(CO)))) 163
cm2lolomaneloniane C(g(CC < c(c c( 1) =38 [7116 | 23-dimethy-4-ethyhexane | _C(C(C.C(C.C(CC).CC))) 164
£,0-rmefhymexane C(C(C.C.CC.CCC))) : 117 | 2,4-dimethyl-3-ethylhexane C(C(C,C(C(C),CC.CO)) 164
44 2,2-dimethyl-3-ethylpentane C(C(C,C,c(c(ec),ccy) 133,83 118 3,4, 5-rimethylheptane C(C(C(C,C(C.CC.CC)) 164
45 3,3,4-trimethylhexane C(C(C(C,C,C(C,C(C))) 140,5 119 * ’2 4-dimethyl-3- C(C(C.C(C(C.C).CC.ON) 15704
46 | 2,33 4-tetramethylpentane C(C(C,C(C,C.C(C,C))) 1415 opropylpentane ' ~h ’
47 2,3 3-trimethylhexane C(C(C.L(C.c.ecem) 137,7 120 | 3-isopropyl-2-methylhexane C(C(C,C(C(C,C),C(CC)) 163
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121 2,3,5-trimethylheptane C(C(C,C(C,C(C(C,C(C)))) 157
122 2,5-dimethyl-3-ethylihexane C(C(C,C(C(C), (( C)))) 157
123 2,4,5-trimethylheptane C(C(C,c(C(C,C(C, C(C)))))) 157
124 2,3,6-trimethylheptane C(C(C,c(C,c(c(c(C,.oN) 155,7
125 2,3-dimethyloctane C(C(C,C(C,C(C(ccem 164,31
126 3-ethyl-2-methylheptane C(C(C,C(C(C),c(ccemm 166
127 3,4-dimethyloctane C(C(C(C,C(C,CCcemm 166
128 4-isopropylheptane C(C(C(c(c(c,e),ccem 160
129 4-ethyl-3-methylheptane C(C(C(C, C(C(C) C(CeM) 167
130 4,5-dimethyloctane c(e(cec.ce.cecemm 162,1
131 3-ethyl-4-methylheptane C(C(C(C(C),c(C,ccemm 167
132 3,4-diethylhexane C(C(C(C(C),c(C(C),CC))) 162
133 2,4,6-trimethylheptane C(C(C,c(c(c,cecc.em 144,8
134 2,4-dimethyloctane C(C(C,C(C(C,CC(Ce)N) 153
135 4-ethyl-2-methylheptane C(C(C,C(C(c(C).ccemm 160
136 3,5-dimethyloctane C(C(C(C,cc(c.ccen 160
137 3-ethyl-5-methylheptane C(C(C(C(C),c(c(c.cem 158,3
138 2,5-dimethyloctane C(C(C,C(C(C(C,CCeM 156,8
139 5-ethyl-2-methylheptane C(C(C, C(C(C(C(C) C))M) 159,7
140 3,6-dimethyloctane C(c(c(c,cecc,cemm 160
141 2,6-dimethyloctane C(C(C,C(C(C(C(C,CC))) 158,84
142 2,7-dimethyloctane C(C(C,Cc(c(c(c(cc,em,) 159,87
143 2-methylnonane C(C(C,C(C(C(C(CCC)MN) 167
144 3-methylnonane C(C(C(C,C(C(C(CcCemM 167,8
145 4-methylnonane C(C(C(C(C,C(C(ccEem) 165,7
146 3-ethyloctane C(C(C(C(C),C(C(C(CE))))) 166
147 5-methylnonane C(C(C(C(C(C,c(c(cen) 165,1
148 4-ethyloctane C(C(C(C(C(C),C(C(C(C))))))) | 163,64
149 4-propilheptane C(C(C(C(C(C(C)),C(CC))))) 162
150 decane C(C(C(C(C(c(cecEemmm) | 174,12

APPENDIX 2: PARAMETERS FOR MODEL EVALUATION

Mean Square error
N

1
gsq :NZ(E _yi)2

i=1

The squared difference between
the target and the predicted output
for each element of the data set.

Mean Absolute Error

1 N
5 = N z |tl. - yi| The absolute difference between
=l the target and the predicted output.
th —E(t))-(y —E(y)) Correlation Coefficient

R= i “E” computes the average.

|- -y

R=

)T Determination Coefficient

[lz_p[ i)y
(St }{ -

For linear models it is the square

of R. The definition for non linear

models is not unique.
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