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tProtein-DNA predi
tion is a 
hallenging problem solving whi
h 
anhelp in developing numerous medi
ines for treatment of di�erent diseases.In this proje
t we 
ompare several methods for protein-DNA intera
tionpredi
tion: Naïve Bayes, Markov Model of order k−1 and Logisti
 Regres-sion. Although Naïve Bayes is a fairly popular method that was shownto have good results in the past, Logisti
 Regression shows slightly higher
orrelation 
oe�
ient, higher sensitivity and it is fairly fast to train. Wealso show that adding sequen
e order and intera
tion between the neigh-bors (i.e. as 
aptured by Markov Model) does not improve 
lassi�
ationresults, and in fa
t performs worse than Naïve Bayes.1 Introdu
tionWill an individual develop a 
ertain disease given the presen
e or absen
e of 
er-tain protein-DNA intera
tions? What purpose do 
ertain 
ells perform? Whi
hmedi
ines will intera
t the best to remedy 
ell damage or eradi
ate foreign sub-stan
es within a 
ellular body? The bio-medi
al impli
ations from the study ofprotein-DNA intera
tion are numerous.From a given sequen
e of amino a
ids, we want to predi
t 
lasses of ea
hof these amino a
ids in a sequen
e. Su
h 
lass predi
tions appli
ations wouldin
lude protein-protein intera
tion, protein-DNA intera
tion, or surfa
e residuepredi
tion, for instan
e. Limiting our 
lass to a protein-DNA intera
tion givesa binary 
lassi�er of {0,1} for {"has protein-DNA intera
tion","does not haveprotein-DNA intera
tion"}, respe
tively.2 Protein-DNA Intera
tionDetermining protein-DNA intera
tion of a given mole
ule tells us informationpertaining to the mole
ule intera
tion's intera
tion with other substan
es, pos-1



sibly helping in the design of medi
ations. Also, information applies to generepair in a 
ell, as well as gene expression.The study of the regulation of expression of gene, the regulation of repli
a-tion and other stru
tural DNA fun
tions to maintain 
ellular states involve thestudy of protein-DNA intera
tions of amino a
ids. X-ray 
rystallization, gel mo-bility shift assay and others have physi
al limitations. Today's 
omputationalmodels 
ould allow for faster, more 
ost-e�
ient and most-likely a

urate 
lassi-�
ation of protein-DNA intera
tion on given amino a
id sequen
es. Te
hnology's
urrent state is one that produ
es faster ma
hines at lower 
osts enabling everin
reasingly expansive 
omputational 
apability.The data set used for this work is that used by Yan, et al. From the ProteinData Bank (PDB), data was extra
ted from stru
tures of known protein-DNA
omplexes. In order to further sample the data so that a subset of relatively highPDB stru
ture quality and/or mutual sequen
e identity served as the sample,
ulling was performed via PISCES (Protein Sequen
e Culling Server). Thispro
ess left 171 DNA-binding proteins sequen
e with identity less than or equalto 30 per
ent with at least 40 amino a
ids per sequen
eCHANGUI.3 Previous WorkWork in this area has provided various varying solution ideas to improve 
las-si�
ation. For example, Jones et al. used residue pat
hes on the surfa
e ofDNA-binding proteins, using ele
trostati
 potentials of residues for predi
tingDNA-binding sites[5℄. Tsu
hiya et al. used stru
ture-based method to identifyprotein-DNA binding sites based on ele
trostati
 potentials and surfa
e shape[7℄.Neural Network 
lassi�er to identify pat
hes likely to be DNA-binding sitesbased on physi
al and 
hemi
al properties of the pat
hes. Ahmad and Saraiproposed a sequen
e-based method for predi
ting DNA-binding residues thatin
orporates sequen
e alignment pro�les into the input[1℄.In a paper 
urrently in preparation by Changui Yan et al, the followingresults were obtained using a Naïve Bayes 
lassi�er to identify DNA-bindingresidues based on sequen
e information. The data set was trained and testedusing leave-one-out 
ross validation, using a window size of nine with the 
enterof the window the target amino a
id. The a

ura
y was 71%, the 
orrelation 
o-e�
ient 0.24, spe
i�
ity 53% and sensitivity 53%. Further experiments used thesequen
e entropy of the target residue as additional input, whi
h is the entropyof the 
orresponding 
olumn in multiple alignment obtained by aligning the tar-get sequen
e with its sequen
e homologs. This further experimentation yieldeda

ura
y of 78%, 
orrelation 
oe�
ient 0.28, spe
i�
ity 44% and sensitivity 41%[9℄.3.1 Data RepresentationWe further manipulated the data with formatting issues for our algorithm andparsing te
hnique. A sliding window of size nine was used, with the 
enter2



the target amino a
id of the sequen
e. The neighboring four on both sidesand the target itself were used for training to predi
t if the target amino a
idhad a protein-DNA surfa
e intera
tion. Issues arise with this te
hnique for thebeginning and the ending of ea
h sequen
e, when the target a
ids are in positions[1,4℄ or [n-4,n℄, where n is the length of our given sequen
e. Not all eight valueswere present for use by the learner. In these instan
es, we used unknown a
idsand intera
tions.3.2 Naïve BayesA well known Ma
hine Learning te
hnique Naïve Bayes has been widely usedin mu
h 
omputational resear
h. Its simpli
ity along with its performan
e inpredi
tion have kept in at the forefront and often used as a starting point forsolving 
omputational problems that extend beyond feasible experimentation.Naïve Bayes assumes no dependen
ies between variables in predi
ting the
lass of an obje
t, in other worlds there is 
lass 
onditional independen
e. De-rived from Bayes' Theorem of probability:
P (H |X) =

P (X |H)P (H)

P (X)
(1)This equation is the 
al
ulation of the probability that the hypothesis H of Xbelonging to a 
lass, given that X is the observed data. P(H|X) is the posteriorprobability of H 
onditioned on X. P(X) is the prior probability of X, P(H) isthe apriori probability of H, that X belongs to 
lass C. P(X|H) is the posteriorprobability of X 
onditioned on H.Using Naïve Bayes for 
lassi�
ation 
ombines the above probabilisti
 modelwith a de
ision rule based on the training data. Commonly, sele
ting the mostprobable 
lass serves as the rule:

classify(f1, f1, ...) = arg max
cj∈C

P (C = cj)

n∏

i=1

P (Fi = fi|C = cj) (2)This gives the 
lass the maximum probability in a given instan
e as the rulefor the observed data as the de
ision in the predi
ting phase, after learning has
reated the various de
ision rules.The Naïve Bayes 
lassi�er predi
ts if a target residue in a protein sequen
e toidentify DNA-binding residues using sequen
e information alone. The windowsele
ts a 
enter target and uses the neighboring information to train and predi
tthe binding residues in this lo
al algorithm. Naïve Bayes is used in determiningtarget and neighboring relationships and determining the rules for 
lassi�
ation.4 MethodsIn our attempts to improve on the existing methods we have applied two meth-ods that have been shown to improve upon Naïve Bayes. The �rst method,3



Markov Model of order k-1 (or NBk), takes into a

ount the order of the ele-ments in the sequen
e, as well as models dependen
ies between k neighboringelements. The se
ond method, Logisti
 Regression, is a dis
riminative 
ounter-part of Naïve Bayes in the parameters are 
hosen in order to maximize the 
lass
onditional log likelihood of the data. With su�
ient data the se
ond methodof Logisti
 Regression was shown to improve the a

ura
y when 
ompared toNaïve Bayes, generative 
ase. In this se
tion we des
ribe basi
 ideas behind theMarkov Model and Logisti
 Regression.4.1 Markov Model of order k-1 (NBk)The following se
tion 
omes from [8℄"Markov Models for sequen
e 
lassi�
ation have been used with su

ess bymany resear
hers in a variety of appli
ations [3℄ [10℄ [2℄. We start with a briefreview of the basi
 ideas behind MM(k − 1).Let S be a sequen
e, si be the value of an element of S at the position i,and Σ be the alphabet over whi
h the sequen
e values range.A sequen
e 
an be modeled as a graph in whi
h ea
h sequen
e element isrepresented by a node, and a dire
t dependen
y between two neighboring el-ements is represented by an edge in the graph. Generally, it is the 
ase thattwo or more neighboring elements in the sequen
e will be dependent on ea
hother. Figure 1 shows several dire
ted dependen
y models for: a) Naïve Bayeswhi
h 
orresponds to assuming no dependen
e between neighboring elementsof a sequen
e, b) a dependen
y model of the �rst order i.e., one that 
onsidersdependen
ies between pairs of neighboring elements of a sequen
e (k = 2) and
) a dependen
y model of the se
ond order i.e., one that 
onsiders dependen
iesamong three adja
ent elements of a sequen
e. More generally, Markov Modelsof order k − 1, 
apture the dependen
y between the 
urrent element sk and its
k − 1 pre
eding elements [sk−1...s1] in a sequen
e. MM(k − 1) family of gener-ative models o�er the needed expressive power to model in
reasingly 
omplexdependen
ies among neighboring elements of a sequen
e.

S1 S2 S3 S4 S5a)

S1 S2 S3 S4 S5b)

S1 S2 S3 S4 S5c)Figure 1: Markov Model representation of dependen
ies of order k − 1 depen-den
y. a) Naïve Bayes model; b) Markov Model of order 1 
) Markov Model oforder 2The joint probability distribution for the MM(k − 1) follows dire
tly from4



the Jun
tion Tree Theorem [4℄ and the de�nition of 
onditional probability:
P (S = s1s2...sn, cj) =

∏n

i=1 P (S = si...si+k−1, cj)∏n

i=1 P (S = si...si+k−2, cj)

= P (S = s1...sk−1, cj)
n∏

i=k

P (S = si|si−1...si−k+1, cj)The probabilities P (S = si|si−1...si−k+1, cj) 
an be readily estimated fromdata using the 
ounts of the subsequen
es si...si−k+1, cj and si−1...si−k+1, cj assu�
ient statisti
s. With the generative model in pla
e, a sequen
e S to be 
las-si�ed is assigned to the most likely 
lass based on the generative models for ea
h
lass. That is, class(S = s1...sn) = arg maxcj∈C P (S = s1...sk−1, cj)
∏n

i=k P (S =
si|si−1...si−k+1, cj). Markov Models of order k − 1 (where k > 1) have beenshown to have 
onsistent improvement in a

ura
y over Naïve Bayes (whi
his equivalent to a Markov Model of order 0), with the 
lassi�
ation a

ura
ytypi
ally in
reasing with the in
rease in k (until we run out of data to reliablyestimate the in
reased number of parameters) [2℄. "4.2 Logisti
 RegressionLogisti
 regression is a generative 
ounterpart of Naïve Bayes. It assumes thatall features are independent given 
lass label, however the parameters are 
hosento maximize the probability of 
lass given the sequen
e P (C = cj |S). Themodel assumes parametri
 form for the distribution, and then estimates theparameters dire
tly from data. If Y = {0, 1}is the 
lass, and X = [x1...xn] isthe observation, then the 
lass 
onditional likelihood

P (Y = 1|X) =
1

1 + exp(w0 +
∑n

i=1 wixi)and
P (Y = 0|X) =

exp(w0 +
∑n

i=1 wixi)

1 + exp(w0 +
∑n

i=1 wixi)where wi is a weight asso
iated with a feature xi of the observation. Thederivative of the likelihood has the form
∂P

∂wi

=
∑

l

xl
i(Y

l − P (Y l|X l, w))and the parameters wi are learnt using gradient des
ent:
wt+1

i ← wt
i + η

∂P

∂wiwhere 0 < η ≤ 1 is the learning rate.With su�
ient data, Logisti
 Regression was shown to have improved a

u-ra
y over Naïve Bayes [6℄. 5



5 ResultsWe have applied Logisti
 Regression (implemented in Weka) using the samerepresentation as des
ribed in se
tion 3.1, and NBk (airlDM implementation)to the dataset, using Naïve Bayes as a baseline for 
omparison. We have usedROC 
urves, a

ura
y, 
orrelation 
oe�
ient to evaluate the results of thesealgorithms. We have used 5-fold 
ross-validation and we did not adjust thetrade-o� parameter for the �nal results.5.1 Performan
e MeasuresWe have used a

ura
y, sensitivity, 
orrelation 
oe�
ient and ROC 
urves tomeasure the performa
e. We de�ne these measures as accuracy = TP+TN
TP+TN+FP+FN

,
sensitivity = TP

TP+FN
and CC = TPTN−FPFN√

(TP+FN)(TP+FP )(TN+FP )(TN+FN)
. ROC
urves 
apture the trade-o� between true positive rate and false positive rateas we vary the threshold θ when the desi
ion rule is class(s) = ci if P (s,ci)

P (s,cj)
> θwhere P (s, ci) is a s
ore assigned by a 
lassi�er if the assigned 
lass is ci.5.2 NBkTo our surprise, adding dependen
ies in the model did not help and did notshow improvement. Figure 2 shows the ROC 
urves obtained for NBk trainedfor k=1 (Naïve Bayes) plotted in navy, k=2 plotted in red, k=3 plotted in lightblue, and k=4 plotted in green. The model be
omes worse as the number ofthe dependen
ies in
rease. There are two possible explanations for this. Oneis that the data is too sparse, and with the in
reasing value of k the numberof parameters needed to be estimated in
reases. We may not have had enoughdata to a

urately estimate these parameters. Another possible explanation isthat with the representation of the target residue with four neighbors on theleft and on the right the sequen
e, we do not have enough information. Wepossibly need to use a larger window size in this representation to obtain someimprovement.5.3 Logisti
 RegressionThe performan
e of the logisti
 regression was similar to that of Naïve Bayes.Figure 3 shows ROC 
urves for Naïve Bayes and Logisti
 Regression. Thelogisti
 regression showed a slightly higher ROC 
urve and it was able to identifymore residues 
orre
tly than Naïve Bayes.When 
omparing 
orrelation 
oe�
ient, a

ura
y and sensitivity of Logisti
Regression and Naïve Bayes we have not adjusted the θ parameter to trade-o�between the true positive and false positive rate. Table 1 shows these resultsfor Naïve Bayes and Logisti
 Regression. Both algorithms have the exa
t samea

ura
y, however Logisti
 Regression shows a slightly higher 
orrelation 
o-e�
ient and was able to predi
t 20 more residues involving in protein-DNA6



Figure 2: ROC 
urves for NBk. Navy k=1, red k=2, blue k=3, green k=4.The performan
e of the model de
reases as the number of the dependen
iesin
reases.

Figure 3: ROC 
urves for Naïve Bayes and Logisti
 Regressionintera
tion than Naïve Bayes, whi
h is very important due to the unbalan
ednature of the dataset.6 Con
lusion and Future WorkIn this proje
t we have attempted to improve on protein-DNA intera
tion pre-di
tion model from sequen
e. The base model uses four elements to the rightand the left of the target residue and Naïve Bayes to predi
t whether a residueis an intera
tion residue or not. We have applied Markov Model of order k − 1that shows no improvement, and in fa
t worsens as the number of intera
tionin
reases, and Logisti
 Regression that have shown some improvement in theperforman
e.We would like to experment with larger window size in the representation,whi
h may show some improvement in MM(k − 1). We would also like todire
tly 
ompare Logisti
 Regression and Naïve Bayes by using leave-one-out7



Algorithm A

ura
y CC SensitivityNaïve Bayes 0.86 0.11 0.51Logisti
 Regression 0.85 0.13 0.63Table 1: A

ura
y, 
orrelation 
oe�
ient and sensitivity of Naïve Bayes andLogisti
 Regression after 5-fold 
ross-validation
ross validation, tuning the θ parameter on the ROC 
urve to trade-o� betweentrue positive rate and false positive rate, and in
lude additional information inthe input, su
h as entropy, or solvent a

essibilty area.It would also be of interest to develop a graphi
al model that would in
ludethe intera
tion dire
tly throughout the sequen
e as was in the initial idea (thatdid not happen due to one of the author's 
omputer failure).Referen
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