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Abstract
Background: The increasing number of available genotypes for genetic studies in humans requires
more advanced techniques of analysis. We previously reported significant univariate associations
between gene polymorphisms and antidepressant response in mood disorders. However the
combined analysis of multiple gene polymorphisms and clinical variables requires the use of non
linear methods.
Methods: In the present study we tested a neural network strategy for a combined analysis of two
gene polymorphisms. A Multi Layer Perceptron model showed the best performance and was
therefore selected over the other networks. One hundred and twenty one depressed inpatients
treated with fluvoxamine in the context of previously reported pharmacogenetic studies were
included. The polymorphism in the transcriptional control region upstream of the 5HTT coding
sequence (SERTPR) and in the Tryptophan Hydroxylase (TPH) gene were analysed simultaneously.
Results: A multi layer perceptron network composed by 1 hidden layer with 7 nodes was chosen.
77.5 % of responders and 51.2% of non responders were correctly classified (ROC area = 0.731 –
empirical p value = 0.0082). Finally, we performed a comparison with traditional techniques. A
discriminant function analysis correctly classified 34.1 % of responders and 68.1 % of non
responders (F = 8.16 p = 0.0005).
Conclusions: Overall, our findings suggest that neural networks may be a valid technique for the
analysis of gene polymorphisms in pharmacogenetic studies. The complex interactions modelled
through NN may be eventually applied at the clinical level for the individualized therapy.

Background
The increasing number of available genotypes for genetic
studies in humans requires more advanced techniques of
analysis [1]. Moreover, genes interact in a complex way,
with some gene variants acting additively with others, in a
multiplicative way or with a compensatory effect [2,3].
Traditional statistical techniques are not appropriate for
detecting such effects [4], because they rely on the basic
assumption of linear combinations only [5]. Investigation

in multifactorial disorders in fact evidenced that non linear interactions are not detected by traditional regression
analyses [6].
In particular, psychiatric disorders are characterized by a
non mendelian, multifactorial genetic contribution with a
number of susceptibility genes interacting with each other
[7,8]. In the process of disentangling the contribution of
environment versus genes, it has been recently suggested
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to focus on endophenotypes instead of psychiatric syndromes as a whole [9,10]. One interesting endophenotype is drug response, a field that gained much attention
due to the possible clinical applications, ranging from
individualized therapy to new drug development [11-14].
However, notwithstanding the promising results observed
in the pharmacogenetic field, no single major effect gene
was identified, but a variable number of polymorphisms
in various genes are supposedly involved in modulating
the response and/or side effects to drugs [15-20].
Since our initial study [21] we investigated the short term
response to Selective Serotonin Reuptake Inhibitors
(SSRIs) and a number of candidate genes, observing both
positive and negative associations [22].
However, both the increasing number of genes associated
with response and the limitations of traditional methods
of analysis are factors requiring the use of new techniques
of analysis that more closely resemble to the underlying
biological process, i.e. that allows for non-linear
interactions.
Neural networks (NN) have been proposed for such studies [1,23,24]. The main advantage of neural networks is
that complex non-linear relationships can be modelled,
potentially incorporating high-order interactions between
predictive variables. This is of particular importance in a
complex phenotype such as antidepressant response
[22,25].
NN have been used in other fields of medicine, for example to predict cyclosporine dosage in patients after kidney
transplantation [26], perspective outcome in AIDS
research [27] but also in a genetic analysis in heart disease
analysing 10 candidate genes simultaneously [28]. More
complex models including gene-environment interactions have been developed [29].
In fact, neural networks proved to outperform single
marker association tests, particularly in the case of a complex mode of inheritance or where multiple mutations
result in more than one haplotype associated with the disease [25,30,31].
In the present paper we have re-analysed our sample
where polymorphism in the transcriptional control region
upstream of the 5HTT coding sequence (SERTPR) and in
the Tryptophan Hydroxylase (TPH) gene were analized
[32], in that paper we observed an association of both polymorphisms with drug response but we could not evaluate their possible non linear interactions. In the present
paper we had the aim of evaluating the validity of NN
models and of comparing them with traditional statistical
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techniques (multiple regression and discriminant function analysis).

Methods
Sample
The sample was already described in the original paper
[32]. Briefly, two hundred and seventeen depressed inpatients were included in this study (age = 52.11 ± 12.04;
onset = 37.97 ± 12.16; female/male: 144/73; bipolars:
delusional/non delusional = 40/33, major depressives:
delusional/non delusional = 71/73). All patients were
evaluated at baseline and weekly thereafter until the sixth
week using the 21-item Hamilton Rating Scale for Depression (HAM-D-21) [33] administered by trained senior
psychiatrists blind to genetic data and to treatment (fluvoxamine 300 mg daily from day 8 plus pindolol 7.5 mg
to one third of the sample). A decrease in HAM-D scores
to 8 or less was considered the response criterion. After the
procedure had been fully explained to all subjects,
informed consent was obtained.

Plasma fluvoxamine levels were determined by high-performance liquid chromatography after 2 weeks of stable
300 mg daily dose [34]. Nine patients with extreme
plasma levels (more than 2 standard deviations) were
removed from the study in order to avoid biases due to
side effects that are present at high doses, also subjects
with plasma levels below 20 ng/ml were excluded as this
may indicate non compliance, but no cases with such low
doses were observed. The influence of both SERTPR and
TPH polymorphisms was limited to subjects not taking
pindolol [32] therefore we included in the present study
the 121 subjects including fluvoxamine alone (81
responders/40 non responders). DNA analysis was performed as described in the original paper [32].
Review of the models used
Multilayer Perceptrons
This is one of the most popular network architecture in
use today, though relatively recent [35]. In MLP the units
each perform a biased weighted sum of their inputs and
pass this activation level through a transfer function to
produce their output, and the units are arranged in a layered feedforward topology. The first step of the analysis is
the choice of the number of layers and nodes. This is performed searching for a minimum in the error/performance hyperplane. Once the number of layers, and number
of units in each layer, have been selected, the weight and
threshold of the network must be set so as to minimize
the prediction error made by the network. This is the role
of the training algorithms. The best-known example of a
neural network training algorithm is back propagation. In
back propagation, the gradient vector of the error surface
is calculated and used to decrease the error. A sequence of
such moves (slowing as we near the bottom – epochs) will
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eventually find a minimum. A large number of epochs
with no further improvement in the performance suggests
that the optimum set of weights has been reached.
Linear Networks
Originally developed about 60 years ago by Fisher [36], in
classification, the hyperplane is positioned to divide the
two classes (a linear discriminant function) while in
regression, it is positioned to pass through the data. A linear model is typically represented using an NxN matrix
and an Nx1 bias vector. The linear network provides a
good benchmark against which to compare the performance of your neural networks.
Radial Basis Function Networks
In a radial basis function network the response surface of
a single radial unit is a Gaussian (bell-shaped) function,
peaked at the center, and descending outwards. RBF networks have advantages and disadvantages over MLPs.
First, they can model any non-linear function using a single hidden layer, which removes some design-decisions
about numbers of layers. Second, the simple linear transformation in the output layer can be optimized fully using
traditional linear modelling techniques, which are fast
and do not suffer from problems such as local minima
which plague MLP training techniques. However the
clumpy approach also implies that RBFs are not inclined
to extrapolate beyond known data: the response drops off
rapidly towards zero if data points far from the training
data are used, therefore they are less reliable for clinical
samples such our one. Detailed review of the models are
reported elsewhere [24,37].
Model development and selection
An "intent-to-treat" analysis was carried out for all
patients who had a baseline assessment and at least 1
assessment after randomization, with the last observation
carried forward on the HAM-D. For the current application the inputs to the first layer of the neural network consist of SERTPR and TPH genotypes while the target
outputs consist of response status. The network is then
trained to attempt to predict response from genotypes.
Each node of the input layer of the network is set to a
value representing the genotype of each polymorphism.
For each polymorphism and for each subject this value is
set to genotypes aa, ab or bb. If a marker genotype is missing then the input is assigned a value equal to the average
of the values for all subjects in the dataset, however no
missing data were present in our sample. The target output for the network is set to 1 or 2 depending on whether
the subject is responding or not.
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was expressed as area under the Receiving Operator Characteristic (ROC) Curve. The area under a ROC curve
ranges from zero to one, with values close to unity indicating better predictive power; an area of 0.5 indicates that
the model is not predicting better than a random choice.
However, one major problem of NN analyses is to establish if the prediction from genotypes is greater than would
be expected by chance. If the whole sample is used for
training, the network will to some extent "learn to recognise" particular features of each member of the dataset
and can use these to predict response in a way which may
not reflect any general association between marker genotypes and disease. Generally, this problem is faced by a set
of strategies: dividing the dataset (50:50, 80:20...), Jackknife, bootstrapping, cross-validation and so on. However
those methods present some disadvantages, in particular
if only a part of the data is used to train the network this
leads to a loss of power given that subjects in the validating part have different patterns of association between
genotypes and drug response.
In order to remedy these problems, in the case of MLP, it
has been suggested to perform both training and testing
on the entire dataset. The statistical significance of any
observed association between outputs and affection status
can be estimated using a permutation test [25].
Once the network was defined, a statistic, denoted T, is
calculated to compare the outputs for responders and non
responders in the same way as an unpaired t statistic,
although the statistic is not expected to follow a t distribution under the null hypothesis. Instead, in order to estimate statistical significance a permutation procedure is
performed. A large number of replicate data sets are generated from the original data and the obtained network
model by randomly permuting genotypes with respect to
affection status. For each of these replicate data sets we can
then train and test the data set as before, each time calculating T. Since each permuted data set will have only random association between genotype and affection status
we obtain N values of T which provide a distribution of T
under the null hypothesis. We count the number of times
any of these values exceeds the value of T we obtained for
the real dataset and denote this number R. Then (R + 1)/
(N + 1) provides an unbiased estimate of the statistical significance of the association between genotype and affection status in the real dataset.
In order to estimate a p-value of alpha, one should carry
out approximately 10/alpha replicates. Typically, in order
to detect association at a significance of 0.01 one would

The best network was selected on the basis of its discriminating error and performance, positive and negative predictive values were also reported for each model. This last
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perform 1000 replicates (including the real dataset and
Table 1: Comparison of NN models. PPV = Predictive Positive Value, NPV = Predictive Negative Value, ROC = area under the ROC
curve.

Network type Error

Performance

sensitivity

specificity

PPV

NPV

ROC

Youden's J

Linear
RBF
MLP (1 – 7)

0.636
0.691
0.682

67.12
85.61
77.50

56.34
35.21
51.20

75.97
73.10
76.35

45.46
54.35
52.17

0.687
0.664
0.731

0.23
0.21
0.28

0.447
0.449
0.439

999 permuted datasets). In the case of the present paper
we performed 10000 replicates.
Multiple regression and discriminant function analyses
were performed to compare the results obtained with the
NN strategy with traditional techniques. Responder status
was the dependent variable with SERTPR and TPH as
independent variables. Genotypes were scored in the following way according to the hypothesis of codominance
(SERPR*l/l = 1, SERPR*l/s = 2, SERPR*s/s = 2, TPH*C/C
= 1, TPH*C/A = 2, TPH*A/A = 2).
Calculations for the NN selection were performed using
STATSOFT (Kernel release 5.5 A). Evaluation was performed using the NNPERM package [31].

Results
MLP showed the best performance and was therefore
selected over the other networks (see table 1). The MLP
selected over the other models on the basis of error and
performance was composed by 1 hidden layer with 7
nodes (Figure 1) after testing about 150 different MLP
models. The network showed a very good basic performance (Error 0.430, Performance 0.685).
After, we trained the network with the back propagation
algorithm. Initially we used a learning rate of 0.1
(momentum 0.3, noise set to 0), after 5000 epochs we
reduced it to 0.01 but after 5000 further epochs we
observed no improvement and therefore we finished the
selection process and retained the network. Both polymorphisms contributed substantially to the model
(SERTPR error= 0.532, ratio = 1.21; TPH error= 0.450,
ratio = 1.02). This was expected since both markers were
individually associated with response. In detail single
marker significance, calculated as simple allelic chisquare, was p = 0.00058 for SERTPR and p = 0.025 for
TPH. The classification of subjects in responders and non
responders was 77.5 % for responders and 51.2% for non
responders. Classification may vary depending from the
selected threshold, therefore the area under the ROC curve
is a better indicator of performance, in this case the area

analysis
MLP
Figure
composed
1
by 1 hidden layer with 7 nodes used for the
MLP composed by 1 hidden layer with 7 nodes used for the
analysis.

was 0.731. We also evaluated the predictive power of the
network with the SERTPR polymorphism only, in this case
the area under the ROC curve was 0.698. We may therefore observe that the add of TPH polymorphism increases
the predictive power of the system.
In order to evaluate the significance of the network we
applied a permutation test with 10000 replicates. The t
statistic for the network was 4.35, it was achieved in 81
out of 10000 simulations yielding a network p-value =
(81+1)/(10000+1) = 0.0082.
Finally, we performed a comparison with traditional techniques. A multiple regression analysis showed a significant correlation (p = 0.0004) with a variance explained of
12.5%. The discriminant function analysis correctly classified 34.1 % of responders and 68.1 % of non responders
(F = 8.16 p = 0.0005).
Following, we tested the possible impact of clinical variables on response. We included in the model the following
variables: Age, age at onset, sex, education, diagnosis,
presence of delusional features, recurrence index (defined
as number of episodes per year), pindolol augmentation
and baseline HAM-D. With those variables no satisfactory
network was identified. They were therefore not
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considered as possible confounding factors in the genetic
analysis.

Discussion
This paper reports the first attempt to use NN in pharmacogenetic analyses. We applied this technique to short
term antidepressant response in mood disorders. Our
analyses suggest that MLP network is the most appropriate
for this kind of data, in according with previous observations [25]. The growing number of polymorphisms
(about 3.000.000) and the growth of simultaneous techniques such as gene arrays ask for appropriate techniques
of analysis. Traditional ones have strong limitations not
allowing for non linear interactions and the risk of overfitting in the case of multiple polymorphisms analysed in
necessary limited sample sizes. We observed that a relatively simple MLP NN is able to predict response in a way
comparable to traditional techniques. The lack of non linear interactions in the simple model we analysed [32]
explains why did not observe a marked superiority of NN
over traditional analyses. However the most promising
result of the strategy we tested in the present paper is the
possibility to add a large number of polymorphism to the
network and to evaluate the improvement in the prediction, showed by the area under the ROC curve. Moreover
the significance of the network can be evaluated with the
permutation test [25,31]. Moreover the MLP model we
used is quite parsimonious in terms of parameters used (2
input variables, 1 output variable and 1 hidden layer with
7 nodes).
Further developments of this strategy are the inclusion of
more detailed information on the phenotypic side. The
classification results we obtained are not sufficient in clinical terms were in particular much higher specificities are
needed in order to recognize in advance non responders.
To reach this target we should consider that we previously
observed that some polymorphism influence only part of
the whole depressive symptomatology [38]. Further clinical variables should also be considered as reported to
influence the short term antidepressant outcome [39],
even if previous NN studies failed to identify clinical predictors of antidepressant response [40]. Our analyses are
in line with this view, in fact the clinical variables we analysed were not significantly associated with outcome.
The relatively small sample we used does not guarantee
against a possible overfitting phenomenon, therefore
enlargement of the sample is a priority. Moreover we used
the same sample for testing and validating our result, this
is not a standard technique [41], this problem is usually
faced by a set of strategies such as dividing the dataset,
Jackknife, bootstrapping, cross-validation and so on.
However those methods present some disadvantages, in
particular if only a part of the data is used to train the net-
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work this leads to a loss of power in the case that subjects
in the validating part have different patterns of association
between genotypes and drug response. Therefore in the
present paper we performed both training and testing on
the entire dataset with the use of a permutation test to validate the results [25]. Another limitation of the present
paper is that we compared NN with multiple regression
only, other techniques could be tested as well such as set
association [30], multifactor dimensionality reduction
[42], and logic regression [43].
Differences in allele frequency for different populations
have been reported [44]. However our sample was composed of subjects mainly collected in the North of Italy
with Italian antecedents for at least two generations,
though genetic heterogeneity have been evidenced for
some isolate populations (such as Sardinia, not included
in our sample) Italy is characterized by a substantial
genetic homogeneity [45]. Another caveat is linked to the
characteristics of our sample. In fact the Center for Mood
Disorders of San Raffaele Hospital is a tertiary structure,
therefore we cannot exclude a potential selection bias
associated with illness severity and possible extension to
outpatients or drug abusers are not warranted [46].

Conclusions
Overall, our findings suggest that neural networks may be
a valid technique for the analysis of gene polymorphisms
in pharmacogenetic studies. The complex interactions
modelled through NN may be eventually applied at the
clinical level for the individualized therapy [47].

Competing interests
The author(s) declare that they have no competing
interests.

Authors' contributions
AS conceived the study, drafted the manuscript and participated in the design of the study and performed the statistical analysis. ES participated in its design and
coordination. All authors read and approved the final
manuscript

Acknowledgements
The authors acknowledge Cristina Lorenzi for the genetic analyses.

References
1.
2.
3.
4.
5.

Ott J: Neural networks and disease association studies. Am J
Med Genet 2001, 105:60-61.
Moore JH: The ubiquitous nature of epistasis in determining
susceptibility to common human diseases. Hum Hered 2003,
56:73-82.
Frankel WN, Schork NJ: Who's afraid of epistasis? Nature genetics
1996, 14:371-373.
Schaid DJ, Olson JM, Gauderman WJ, Elston RC: Regression models for linkage: issues of traits, covariates, heterogeneity, and
interaction. Hum Hered 2003, 55:86-96.
Ritchie MD, White BC, Parker JS, Hahn LW, Moore JH: Optimization of neural network architecture using genetic program-

Page 5 of 6
(page number not for citation purposes)

BMC Medical Genetics 2004, 5:27

6.

7.
8.

9.
10.
11.
12.

13.

14.
15.
16.
17.

18.

19.

20.
21.

22.
23.
24.
25.
26.

27.
28.

ming improves detection and modeling of gene-gene
interactions in studies of human diseases. BMC Bioinformatics
2003, 4:28.
Moore JH, Lamb JM, Brown NJ, Vaughan DE: A comparison of
combinatorial partitioning and linear regression for the
detection of epistatic effects of the ACE I/D and PAI-1 4G/5G
polymorphisms on plasma PAI-1 levels. Clin Genet 2002,
62:74-79.
Merikangas KR, Risch N: Will the Genomics Revolution Revolutionize Psychiatry? Am J Psychiatry 2003, 160:625-635.
Botstein D, Risch N: Discovering genotypes underlying human
phenotypes: past successes for mendelian disease, future
approaches for complex disease. Nat Genet 2003, 33
Suppl:228-237.
Lenox RH, Gould TD, Manji HK: Endophenotypes in bipolar
disorder. Am J Med Genet 2002, 114:391-406.
Waterwort DM, Bassett AS, Brzustowicz LM: Recent advances in
the genetics of schizophrenia. Cell Mol Life Sci 2002, 59:331-348.
Weber WW: Pharmacogenetics. New York, Oxford University
Press; 1997.
Lerer B, Macciardi F: Pharmacogenetics of antidepressant and
mood-stabilizing drugs: a review of candidate-gene studies
and future research directions. Int J Neuropsychopharmacol 2002,
5:255-275.
Arranz MJ, Munro J, Birkett J, Bolonna A, Mancama D, Sodhi M, Lesch
KP, Meyer JF, Sham P, Collier DA, Murray RM, Kerwin RW: Pharmacogenetic prediction of clozapine response. Lancet 2000,
355:1615-1616.
Veenstra-VanderWeele J, Anderson GM, Cook EH: Pharmacogenetics and the serotonin system: initial studies and future
directions. Eur J Pharmacol 2000, 410:165-181.
Alda M: Pharmacogenetics of lithium response in bipolar
disorder. J Psychiatry Neurosci 1999, 24:154-158.
Arranz MJ, Munro J, Osborne S, Collier D, Kerwin RW: Applications of pharmacogenetics in psychiatry: personalisation of
treatment. Expert Opin Pharmacother 2001, 2:537-542.
Basile VS, Masellis M, McIntyre RS, Meltzer HY, Lieberman JA,
Kennedy JL: Genetic dissection of atypical antipsychoticinduced weight gain: novel preliminary data on the pharmacogenetic puzzle. J Clin Psychiatry 2001, 62 Suppl 23:45-66.
Segman R, Neeman T, Heresco-Levy U, Finkel B, Karagichev L, Schlafman M, Dorevitch A, Yakir A, Lerner A, Shelevoy A, Lerer B: Genotypic association between the dopamine D3 receptor and
tardive dyskinesia in chronic schizophrenia. Mol Psychiatry 1999,
4:247-253.
Segman RH, Heresco-Levy U, Finkel B, Goltser T, Shalem R, Schlafman M, Dorevitch A, Yakir A, Greenberg D, Lerner A, Lerer B: Association between the serotonin 2A receptor gene and tardive
dyskinesia in chronic schizophrenia. Mol Psychiatry 2001,
6:225-229.
Serretti A, Artioli P: Predicting response to lithium in mood
disorders: role of genetic polymorphisms. Am J
Pharmacogenomics 2003, 3:17-30.
Smeraldi E, Zanardi R, Benedetti F, Dibella D, Perez J, Catalano M:
Polymorphism Within the Promoter of the Serotonin
Transporter Gene and Antidepressant Efficacy of
Fluvoxamine. Molecular Psychiatry 1998, 3:508-511.
Serretti A, Lilli R, Smeraldi E: Pharmacogenetics in affective
disorders. European Journal of Pharmacology 2002, 438:117-128.
Lucek P, Hanke J, Reich J, Solla SA, Ott J: Multi-locus nonparametric linkage analysis of complex trait loci with neural
networks. Human Heredity 1998, 48:275-284.
Haykin S: Neural Networks: A Comprehensive Foundation. ,
Prentice Hall; 1998.
Curtis D, North BV, Sham PC: Use of an artificial neural network
to detect association between a disease and multiple marker
genotypes. Ann Hum Genet 2001, 65:95-107.
Camps-Valls G, Porta-Oltra B, Soria-Olivas E, Martin-Guerrero JD,
Serrano-Lopez AJ, Perez-Ruixo JJ, Jimenez-Torres NV: Prediction of
cyclosporine dosage in patients after kidney transplantation
using neural networks. IEEE Trans Biomed Eng 2003, 50:442-448.
Sardari S, Sardari D: Applications of artificial neural network in
AIDS research and therapy. Curr Pharm Des 2002, 8:659-670.
Yoon Y, Song J, Hong SH, Kim JQ: Analysis of multiple single
nucleotide polymorphisms of candidate genes related to cor-

http://www.biomedcentral.com/1471-2350/5/27

29.
30.
31.

32.

33.
34.

35.
36.
37.
38.

39.
40.

41.
42.
43.
44.

45.

46.

47.

onary heart disease susceptibility by using support vector
machines. Clin Chem Lab Med 2003, 41:529-534.
Sing CF, Stengard JH, Kardia SL: Genes, environment, and cardiovascular disease. Arterioscler Thromb Vasc Biol 2003, 23:1190-1196.
Hoh J, Ott J: Mathematical multi-locus approaches to localizing complex human trait genes. Nat Rev Genet 2003, 4:701-709.
North BV, Curtis D, Cassell PG, Hitman GA, Sham PC: Assessing
Optimal Neural Network Architecture for Identifying Disease-associated Multi-marker Genotypes using a Permutation Test, and Application to Calpain 10 Polymorphisms
Associated with Diabetes. Ann Human Genet 2003, 67:348-356.
Serretti A, Zanardi R, Rossini D, Cusin C, Lilli R, Smeraldi E: Influence of tryptophan hydroxylase and serotonin transporter
genes on fluvoxamine antidepressant activity. Molecular
Psychiatry 2001, 6:586-592.
Hamilton M: Development of a rating scale for primary
depressive illness. British Journal of Social & Clinical Psychology 1967,
6:278-296.
Lucca A, Lucini V, Catalano M, Alfano M, Smeraldi E: Plasma tryptophan to large neutral amino acids ratio and therapeutic
response to a selective serotonin uptake inhibitor. Neuropsychobiology 1994, 29:108-111.
Rumelhart DE, McClelland J: Parallel Distributed Processing. Volume 1. Cambridge, MA, MIT Press; 1986.
Fisher RA: The use of multiple measurements in taxonomic
problems. Annals of Eugenics 1936, 7:179-188.
Fausett LV: Fundamentals of Neural Networks: Architectures,
Algorithms and Applications. , Pearson Higher Education; 1993.
Serretti A, Benedetti F, Mandelli L, Lorenzi C, Pirovano A, Colombo
C, Smeraldi E: Genetic dissection of psychopathological symptoms: Insomnia in mood disorders and CLOCK gene
polymorphism. Am J Med Genet 2003, 121B:39-43.
Goodwin FK, Jamison KR: Manic-depressive illness. New York,
Oxford University Press; 1990.
Winterer G, Ziller M, Linden M: Classification of observational
data with artificial neural networks versus discriminant analysis in pharmacoepidemiological studies--can outcome of
fluoxetine treatment be predicted? Pharmacopsychiatry 1998,
31:225-231.
Hastie T, Tibshirani R, Friedman J: The Elements of Statistical
Learning. Data Mining, Inference, and Prediction. In Springer
Series in Statistics New York, Springer-Verlag; 2001.
Hahn LW, Ritchie MD, Moore JH: Multifactor dimensionality
reduction software for detecting gene-gene and gene-environment interactions. Bioinformatics 2003, 19:376-382.
Kooperberg C, Ruczinski I, LeBlanc ML, Hsu L: Sequence analysis
using logic regression. Genet Epidemiol 2001, 21 Suppl 1:S626-31.
Kunugi H, Hattori M, Kato T, Tatsumi M, Sakai T, Sasaki T, Hirose T,
Nanko S: Serotonin transporter gene polymorphisms: ethnic
difference and possible association with bipolar affective
disorder. Molecular Psychiatry 1997, 2:457-462.
Gasparini P, Estivill X, Volpini V, Totaro A, Castellvi-Bel S, Govea N,
Mila M, Della Monica M, Ventruto V, De Benedetto M, Stanziale P,
Zelante L, Mansfield ES, Sandkuijl L, Surrey S, Fortina P: Linkage of
DFNB1 to non-syndromic neurosensory autosomal-recessive deafness in Mediterranean families. European Journal of
Human Genetics 1997, 5:83-88.
Solomon DA, Keller MB, Leon AC, Mueller TI, Lavori PW, Shea T,
Coryell W, Warshaw M, Turvey C, Maser JD, Endicott J: Multiple
recurrences of major depressive disorder. American Journal of
Psychiatry 2000, 157:229-233.
Pickar D, Rubinow K: Pharmacogenomics of psychiatric
disorders. Trends Pharmacol Sci 2001, 22:75-83.

Pre-publication history
The pre-publication history for this paper can be accessed
here:
http://www.biomedcentral.com/1471-2350/5/27/prepub

Page 6 of 6
(page number not for citation purposes)

