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Abstract 
 
Recombinant DNA technology is important in the mass production of proteins for 
academic, medical, and industrial use, and the prediction of the solubility of proteins is a 
significant part of it.  However, the protein solubility when overexpressed in a host 
organism is difficult to predict.  Thus, a model capable of accurately estimating the 
likelihood of proteins to form insoluble inclusion bodies would be highly useful in many 
applications, indicating whether proteins necessitate chaperones to remain soluble under 
the conditions within the host organism.  To this end, solubility data for proteins when 
overexpressed in Escherichia coli was compiled, and properties of the proteins likely 
affecting solubility were identified as parameters for building solubility prediction 
models.  In this paper, three models were constructed using discriminant analysis, logistic 
regression, and neural networks.  Significant parameters were determined, and the 
efficiencies of solubility prediction for the three procedures were compared.  Among the 
properties investigated, α-helix propensity and asparagine fraction were the most 
important parameters in the discriminant analysis model; for logistic regression, 
molecular weight, total number of hydrophobic residues, hydrophilicity index, 
approximate charge average, asparagine fraction, and tyrosine fraction were found to be 
the greatest contributors to protein solubility.  For the neural network, the most important 
parameters included the asparagine fraction, total number of hydrophobic residues, and 
tyrosine fraction.  The asparagine fraction was of great importance, as it was the only 
parameter found to be among the five most significant parameters in all three models.  
Post hoc evaluations of the models indicated that the discriminant analysis model was 
66.5% accurate, the logistic regression model was 73.9% accurate, and the neural 
network model was 91.0% accurate.  For the logistic regression model, post hoc 
accuracies were shown to increase as predictions of solubility or insolubility neared high 
probabilities.  A priori evaluations were used to determine how well logistic regression 
and the neural network would predict solubility of new proteins.  The discriminant 
analysis was excluded from this study because its post hoc accuracy was exceedingly 
low.  These studies showed that the logistic regression models tended to give higher 
prediction accuracies than neural networks for proteins not previously used in creating 
the respective models, but logistic regression predictions were highly skewed toward 
insolubility, while neural network predictions were more balanced overall.   
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1. Introduction 
 

The use of recombinant DNA technology to produce proteins has been hindered 
by the formation of inclusion bodies when overexpressed in Escherichia coli (Wilkinson 
and Harrison, 1991).  Inclusion bodies are dense, insoluble protein aggregates that can be 
observed with an electron microscope (Wilkinson and Harrison, 1991).  The formation of 
protein aggregates upon overexpression in E. coli is problematic since the proteins from 
the aggregate must be resolubilized and refolded, and then only a small recovery of the 
initial protein is possible (Idicula-Thomas and Balaji, 2005).  Understanding the causes of 
aggregation and developing a system to predict solubility for proteins not recently 
overexpressed are highly desirable goals.  This would enable researchers to predict the 
relative difficulty of overexpressing proteins in E. coli in a soluble form using only the 
protein’s amino acid sequence and perhaps some basic secondary structure information 
without the necessity of performing investigative experiments.  This study aims at 
producing a robust database of proteins, finding parameters that correlate well with 
protein solubility, and using discriminant analysis, logistic regression, and an artificial 
neural network to maximize the classification accuracy of proteins as soluble or insoluble 
based on the investigated parameters. 

 
This article is organized as follows: We first discuss the different parameters 

investigated that contribute to protein solubility. We then present the three methods 
evaluated and discuss their potentials. Next we present and discuss the results of the 
model formulations.  
 
2. Protein Folding and Its Relation to Solubility 
  

Protein folding describes the process by which polypeptide interactions occur so 
that the shape of the native protein is ultimately formed.  Protein folding is directly 
related to solubility because an unfolded protein has more hydrophobic amino acids 
exposed to solvent (Murphy, 2006).  Therefore, correct folding gives a protein a much 
higher probability of being soluble in aqueous solution by minimizing hydrophobic 
protein-solvent interactions.   
 
 Many studies have been conducted to determine which forces predominate in 
protein folding.  These forces include hydrogen bonding and the hydrophobic effect (Dill, 
1990) as well as electrostatic interactions and formation of disulfide bonds (Murphy, 
2006).  Hydrogen bonding interactions are necessary to create alpha helical structure and 
other interactions crucial to the formation of a protein in its native state; however, these 
forces are not dominant in protein folding (Dill, 1990).  Studies using extremely 
hydrophilic solvents have been conducted and have shown that they do not cause 
unfolding of proteins; if hydrogen bonding predominates, the solvent should compete 
effectively with the protein for its own hydrogen bonds and cause unfolding (Dill, 1990).  
It has also been shown that van der Waals interactions do not provide the dominant force 
in protein folding.  There is evidence that the hydrophobic effect is the dominant force in 
protein folding (Dill, 1990).  The evidence to support this includes the fact that nonpolar 
solvents denature proteins, meaning internal hydrophobic residues of the protein rush to 
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associate with the nonpolar solvent molecules, causing the protein to unfold.  Second, 
crystallographic studies have shown that nonpolar residues are held together in the 
protein center to form a hydrophobic core (Dill, 1990).  Electrostatic interactions are 
caused by the amino acid residues which are charged at physiological pH (7.4), which 
include positively charged lysine, arginine, and histidine, and negatively charged 
aspartate and glutamate (Murphy, 2006).  These interactions can help in protein folding 
and stability by creating residue-solvent interactions at the protein surface as well as 
residue-residue interactions within the protein (Murphy, 2006).  Finally disulfide linkages 
between cysteine residues are extremely important to protein folding and are very stable; 
if the wrong disulfide linkages are formed or cannot form, the protein cannot find its 
native state and will aggregate (Murphy, 2006).   
 

The challenge of achieving consistently accurate a priori prediction of protein 
solubility is far from being solved. Ab initio solubility prediction requires folding 
prediction to which interaction with the solvent and with other proteins needs to be added 
and there is no such tool in existence.  Thus, at this point, it is helpful to use semi-
empirical relationships to help predict protein solubility.  Certain patterns of protein 
properties can be examined to see if correlations can be developed.  In recent work, a 
statistical tool called discriminant analysis (Wilkinson & Harrison, 1991, Idicula-Thomas 
& Balaji, 2005) was proposed. We discuss this and two other methods.   
 
3. Models Used in Solubility Prediction 
 
3.1 Discriminant Analysis 
  

Discriminant analysis is a statistical method similar to analysis of variance 
utilized to model systems with categorical, rather than continuous, dependent (outcome) 
variables.  The goal is to create a model capable of separating data into two or more 
distinct groups based on associated values that are characteristic of the outcome groups.  
In protein solubility prediction analyses, the proteins are classified into two groups: 
soluble and insoluble.  Properties of proteins that positively or negatively affect solubility 
(e.g., turn-forming residue fraction, hydrophilicity index, etc.) act as the characteristic 
parameters for group association.  The ultimate output of this model is a value known as 
the canonical variable, which is used to distinguish data among groups.  The model for a 
two-group system is of the following form (Wilkinson and Harrison, 1991): 
 

(1) 
 
 
  where: CV = canonical variable for a specific datum 
   n = number of characteristic parameters integrated in model 
   xi = value of parameter i for specific datum 
   λi = adjustable coefficient for parameter i 
 
 The adjustable coefficient for each parameter is modified in order to maximize the 
distinction between the data groups.  The relative significance of a parameter in the 
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model can be estimated by normalizing the adjustable coefficient via division by the 
mean value of the parameter.  The final component of a discriminant analysis model is a 
value known as the discriminant.  Data with canonical variable values greater than the 
discriminant are predicted by the model to belong to one group; data with canonical 
variables less than the discriminant belong to the other group.  The results of this method 
have shown some promise.  The first study of this sort was conducted using discriminant 
analysis with 81 proteins for which the solubility status was known for each upon 
overexpression in E. coli at 37°C from research (Wilkinson & Harrison, 1991).  Six 
parameters were included that were predicted to help classify proteins as soluble or 
insoluble from theoretical considerations and these included: charge average, cysteine 
fraction, proline fraction, hydrophilicity, and total number of residues.   
 
3.2 Logistic Regression  
  

While discriminant analysis has been the method of choice for previous studies of 
protein solubility prediction, it may not be the optimal statistical approach to use. Indeed, 
it includes the assumption that the predictor values (i.e., the protein parameters) follow a 
joint multivariate normal distribution, an assumption that does not hold in our case. 
Medical researchers increasingly prefer a method known as logistic regression to 
discriminant analysis in studies with similarly dichotomous outcomes such as in our case 
where we want to distinguish soluble from insoluble  (Neter, et al., 1996). Additionally, 
logistic regression analyses accommodate significantly disparate group sizes better than 
discriminant analyses.  That the protein database used to generate models in this study is 
composed of 151 proteins that are insoluble when overexpressed in E. coli and only 75 
that are soluble further suggests that logistic regression may be the preferable statistical 
approach for protein solubility prediction. 
 
 Logistic regression is similar to discriminant analysis in that it utilizes various 
parameters to predict to which group a datum belongs (Allison, 1999).   
 
 

 (2) 
   
 
  where:  
   n = number of characteristic parameters integrated in model 
   xi = value of parameter i for specific datum 

pi = probability of datum belonging to specified group 
   βi = adjustable coefficient for parameter i 
   α = adjustable intercept constant  
    
 
 
  
 The other primary difference between logistic regression and discriminant 
analysis is the means by which the parameter coefficients (β values for logistic 
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regression) are determined.  In logistic regression, the unconditional method of maximum 
likelihood is utilized for this task (Kleinbaum, et al., 1998).   
 
 The output of the logistic regression models constructed for the protein database 
is a probability of solubility prediction.  In general, proteins whose predicted probabilities 
for solubility are greater than 0.5 are classified as soluble, while predicted probabilities 
less than 0.5 correspond to classifications of insolubility.  However, since predictions that 
near 0 or 1 represent less ambiguous distinctions between groups than those around 0.5, 
they may be stronger predictions of solubility.  This possibility was also investigated in 
this study. 
  
3.3 Neural Networks 
 

Neural network technology has been proposed as another approach for the 
development of a correlation which can correctly classify proteins based on various 
parameters.  A neural network is simply a data-flow machine that tries to develop an 
accurate output signal (soluble or insoluble in this study) based on given inputs (protein 
parameters for in this study) (Dreyfus, 2006).   
 

We used a feedforward neural network (also called a multilayer perceptron) with 
backpropagation (Figure 1). 
 
    

 
Figure 1: A simple representation of a multi-layer perceptron 

 
The essential features of the network include inputs, outputs, a hidden layer or 

hidden layers, and connection layers.  The inputs consist of the parameters that have been 
hypothesized to correlate well with a given output.  The input parameters then flow 
through the first connection layer, represented by the arrows in the above diagram.  In 
this connection layer, weights or coefficients are multiplied by each input parameter 
value and then each input is fed to each node of the hidden layer.  At the hidden layer, a 
sigmoid function is applied to each input to normalize the data in the range of 0 to 1 and 
then the outputs from each hidden node are linearly combined. It is easy to see that 
without a normalization, the network could see a certain parameter as unimportant simply 
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because it has a value that may be orders of magnitude smaller than another parameter.   
These outputs from the hidden layer are then propagated through the next connection 
layer where they are multiplied by another set of weights and then they travel to another 
hidden layer or directly to the output layer.  This is the point at which learning takes 
place.   
 

In our case, all proteins are run through the network with all their input 
parameters, and the squared errors of prediction for all proteins are summed and divided 
by the product of the number of proteins and number of parameters to give the mean 
squared error (MSE), as follows:   
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where P is the number of output processing elements, N the number of exemplars 
(proteins) in the data set, yij the network output exemplar i at processing element j, and dij 
the desired output for exemplar i at processing element j.  
 
  The goal of the network is to reduce the value of MSE.  The learning occurs when 
this error is fed back to the first connection layer of the network, or backpropagated and 
this piece of information is used to adjust the weights in such a way that the MSE is 
reduced on the next iteration. This leads into the next requirement for network learning: 
multiple iterations in which the MSE is continually decreased by adjusting the weights in 
each layer.   
 
 Studies have already been conducted using neural networks as classifiers.  One 
study in particular looked at placing students in entry-level college math courses based on 
high school grade point average, SAT math score, and final grade in algebra II using a 
neural network model (Sheel et al, 2001). Interestingly, this study also used discriminant 
analysis for classification and compared the two methods.  Two experiments were 
performed, the first using a set of 229 student records and the second using only 99 
student records.  For these records, all parameters mentioned above were known, as well 
as the entry level college course that the particular student was taking.  The first 
experiment showed that discriminant analysis correctly classified 67.7% of the students 
into the correct course based on the given parameters while a neural network classified 
90% correctly, giving a 68.9% classification improvement over discriminant analysis.  
However, the second experiment with less training data showed the discriminant analysis 
to be slightly better than the neural network, with discriminant analysis correctly 
classifying 74.7% of the students and the neural network correctly classifying 72.7%.   
This study is very similar to the classification study in protein solubility, with the only 
real difference being the specific phenomenon under study.  Thus, neural networks may 
be similarly useful in protein solubility prediction. 
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4.  Software and Data  
 
4.1 Software and Websites Used 
 
 SAS System software was utilized to perform the statistical approaches 
(discriminant analysis and logistic regression), while a program called NeuroSolutions 
5.0 was used to produce a neural network.  Microsoft Excel was also used extensively in 
creating the protein database and calculating protein parameters.  The National Center of 
Biotechnology Information Database (NCBI) was consulted to obtain amino acid 
sequences.  
 
4.2  Protein Database 
 
 Literature research was done to find studies where the solubility or insolubility of 
a protein expressed in E. coli was discovered, regardless of the focus of the paper, and 
only proteins expressed at 37 C without fusion proteins or chaperones were considered.  
Fusion proteins and chaperones can make an insoluble protein soluble by helping 
improve folding kinetics or changing its interactions with solvent (Harrison, 1999).  This 
can give false positives, making an inherently insoluble protein soluble.  The temperature 
chosen is a common temperature for much work done with E. coli and it had to be 
consistent because the temperature plays a factor in protein folding in solubility.  In 
determining the sequence of each protein expressed, signal sequences that were not part 
of the expressed protein were excluded. 
   
4.3 Parameters Used 
 

All parameters of the study from Wilkinson & Harrison were included, at least 
initially, as they all had some contribution to correct solubility classification.  Eleven 
additional parameters were also added: molecular weight, total number of hydrophobic 
residues, the average number of contiguous hydrophobic residues, the aliphatic index, 
alpha helix propensity, beta sheet propensity, the ratio of alpha helix propensity to beta 
sheet propensity, asparagine fraction, threonine fraction, tyrosine fraction, and combined 
fraction of asparagines, threonine, and tyrosine.  

 
The average number of contiguous hydrophobic residues was added because a 

recent study showed a pattern between the average number of contiguous hydrophobic 
residues and protein solubility: proteins with a small average number of contiguous 
hydrophobic residues were found to be expressed in soluble form while those with a high 
average were expressed as insoluble aggregates (Dyson et al., 2004).  This was also 
addressed in an earlier study that also found that the more concentrated hydrophobic 
residues were in a sequence, the more likely the protein would form insoluble aggregates 
(Schwartz et al., 2001).  It has been shown that long stretches of hydrophobic residues 
tend to be rejected internally in proteins, meaning they are exposed to the solvent (Dyson 
et al., 2004).  These polar-nonpolar interactions will tend to make proteins aggregate.  
However, it is noteworthy that some proteins accommodate long stretches of hydrophobic 
residues in the folded core.  For instance, UDP N-acetylglucosamine enolpyruvyl 
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transferase successfully incorporates a 12-residue hydrophobic block in its folded state 
(Dyson et al., 2004).   

 
The aliphatic index was added following Idicula et al. (2005) (explained above) 

and the three secondary structure parameters were added because certain patterns have 
been seen from previous studies regarding protein secondary structure and solubility.  A 
recent study showed that point mutations of residues that decrease alpha helix propensity 
and increase beta sheet propensity in apomyoglobin have been shown to cause protein 
aggregation (Vilasi et al., 2006).  This indicated that alpha helices may tend to favor 
solubility while beta sheets may tend to favor aggregation.  Another study supplied some 
support for this hypothesis by showing that the regions of acylphosphatase responsible 
for protein aggregation have high beta sheet propensity (Chiti et al., 2002).  Finally, 
studies of secondary structure in inclusion bodies have shown high content of beta sheets 
in inclusion with the beta sheet content increasing with increasing temperature 
(Przybycien et al., 1994).  Since increased temperatures tend to cause aggregation as well 
as cause beta sheet formation, it can be inferred that the presence of beta sheets may 
favor aggregation. The alpha helical propensity and beta sheet propensity were calculated 
by using weighted averages where alpha helical and beta sheet propensities for each 
amino acid were taken from Table 1 of Idicula et al. (2005).  Finally, the molecular 
weight was also added because the molecular weight correlates better with size than 
number of residues, since it considers the number of residues as well as the size of the 
residues contained in the sequence. 
 
 The same equation used previously by Wilkinson and Harrison (1991) was 
utilized to calculate cysteine fraction by dividing the total number of cysteine (c) residues 
by the total number of residues for a given protein.  The proline (p) fraction was 
calculated in the same way.  The turn-forming residue fraction was found by summing 
the total number of asparagines (n), aspartates (d), glycines (g), serines (s), and prolines 
(p) and then dividing the sum by the total number of residues in the protein.  These 
residues were chosen because they tend to be found in turns (Chou & Fasman, 1978).  
The hydrophilicity index was found by summing each of the twenty amino acids, 
multiplying each by a weighting factor given by the study of Hopp and Woods(1981)  
summing the values, and then dividing by the total number of residues in the protein 
(Wilkinson & Harrison, 1991).  The charge average was found by summing the total 
number of aspartate (d) and glutamate (e) residues and subtracting the sum of the lysine 
(k) and arginine residues (r), then this value was divided by the total number of residues.  
These four residues are the only charged residues at physiological pH, with aspartate and 
glutamate being positive and arginine and lysine being negative.  The average number of 
contiguous hydrophobic residues was calculated by dividing the total number of 
hydrophobic residues by the number of contiguous segments of hydrophobic residues, 
where a contiguous segment could be one residue or more than one residue.  The residues 
defined as hydrophobic in the previous study were used and they consist of alinine (a), 
isoleucine (i), leucine (l), phenylalanine (f), tryptophan (w), and valine (v) (Dyson et al., 
2004).   
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The aliphatic index was calculated using the following equation (Idicula et al. 2005): 
 

 AI=(na+2.9*nv+3.9*(ni+nl))/ntot                                          (4) 
 
 
where the variable n represents the number of a specific type of residue in the protein.  
The coefficients used (2.9 and 3.9) were corrections used to account for the size 
differences in the amino acids (Idicula et al., 2005).  Finally, the secondary structure 
parameter was calculated for alpha helices first by summing each type of amino acid in 
the sequence, multiplying this sum by the alpha helical propensity for the type of amino 
acid and then summing these individual sums for all twenty amino acids.  Then this was 
divided by the total number of amino acids in the sequence to give a weighted average for 
alpha helical propensity.  A similar procedure was used for beta sheet propensity.  Then 
the former value was divided by the latter.  
 
4.4 Construction of Discriminant Analysis Model in SAS 
 
 Building a discriminant analysis model in SAS is a fairly straightforward process.  
Protein solubility and parameter data were submitted as part of the code using the 
STEPDISC procedure.  This evaluates each parameter and adds or deletes one at a time 
from the model using the F-to-enter, F-to-remove method with a confidence of 0.15.  The 
raw and standardized coefficients of the included parameters were determined by running 
the new model with the CANDISC procedure.  Finally, the model was run with the 
DISCRIM procedure to generate output data that includes a post hoc evaluation of the 
model; the same proteins used to construct the model were evaluated by it to determine 
accuracy.  The accuracy achieved by the model was so low (≤65.6%) and the predictions 
so skewed toward solubility despite the small population size of soluble proteins that it 
was deemed irrational to build models with training sets and evaluate them with test sets; 
such analysis provides an accuracy that is always lower than that determined by post hoc 
analysis.  Thus, building training and test sets for the discriminant analysis approach 
would likely have yielded accuracies that were statistically little better than chance. 
 
4.5 Construction of Logistic Regression Model in SAS 
 
 Full data sets were imported to SAS from the database assembled in Excel and 
evaluated using the LOGISTIC procedure.  Models were constructed in a reverse-
stepwise manner.  In this method, the model was first run incorporating all seventeen 
candidate parameters.  In addition to providing estimates for the coefficients of each 
parameter, SAS generates as output the probability validity of the null hypothesis for 
each parameter.  The null hypothesis is that a parameter does not have an affect on 
distinction between groups, so high probability values indicated that a parameter 
commanded little significance on solubility.  Thus, the parameter with the greatest null 
hypothesis validity probability was removed from the model, and the procedure was run 
again with the remaining sixteen parameters.  This process was repeated until all 
parameters included in the model exhibited null probabilities less than 0.05, indicating 
95% significance.   
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 With the appropriate model built, code was written to evaluate solubility 
probabilities for each protein predicted by the model within SAS, and to report these as 
an output data set along with accuracy.  As before, accuracy was determined post hoc 
using all proteins in the database.  The database was also split into training and test sets 
using the random number generator in Excel.  Training sets used to build models 
consisted of various percentages of the total database; test sets were composed of all 
remaining proteins in the database.  Post hoc evaluations of the training-set models were 
peformed, and a priori evaluations used these models to predict the solubility of the test-
set proteins. 
 
4.6 Construction of the Neural Network Model 
 
 The neural network NeuroSolution 5.0 was used to construct a neural network and 
analyze the data.  The two most convenient features of the program include 
NeuralBuilder and NeuroExcel.  NeuralBuilder allows the user to specify various 
network parameters to create any custom network while NeuroExcel integrates Microsoft 
Excel and NeuroSolutions.  
 
 The first step in developing the neural network model was to set aside separate 
protein groups to two sets: the training set and the test set.  The learning described in the 
Introduction takes place in the training set.  This is how the parameter weights were 
created.  The NeuroSolutions 5.0 tutorial suggested a minimum of one half of the total 
exemplars (proteins) for training and cross validation proved not to be helpful .  The 
learning curve is a convenient means to visualize the errors decreasing as it gives a graph 
of MSE versus epoch or iteration in the learning.   
 
 NeuralBuilder was used in this study to create an optimum neural network for 
classification.  With NeuralBuilder, the parameters that can be optimized include training 
algorithm, number of hidden layers, number of nodes in each hidden layer, and the 
hidden layer step size(s), output layer step size, and number of iterations.  For this study, 
only the number of nodes was optimized.  The only algorithm used was the multi-layered 
perceptron which was described in the Introduction and this algorithm is used widely for 
these types of classification problems.  It has been shown mathematically that it is not 
needed to increase the number of hidden layers past one and the same optimal error can 
be obtained simply by varying the number of nodes in the hidden layer (Dreyfus, 2006).  
The hidden layer and output layer step size were set at conservative values that gave fast 
convergence to a small error without diverging.  Divergence is seen when the step sizes 
are set too large, causing the error to oscillate wildly.  Finally, the number of iterations 
was set at 25,000 for all runs.     
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5. Results and Discussion 
 
Statistical Models 
 

Previous work with discriminant analysis has yielded limited success.  The first 
study of this sort was conducted with a database of 81 proteins (Wilkinson & Harrison, 
1991).  Six parameters that were predicted to help classify proteins as soluble or insoluble 
from theoretical considerations were included in the model: approximate charge average, 
cysteine fraction, proline fraction, hydrophilicity index, total number of residues, and 
turn-forming residue fraction .  In this study, the discriminant analysis model classified 
22 of 27 soluble proteins correctly and 49 of 54 insoluble proteins correctly, for an 
overall accuracy of 88%.  This was a post hoc analysis; the model was both built and 
evaluated with all 81 proteins.  The most important parameters were found to be charge 
average and turn-forming residue fraction. 
 
 Protein solubility prediction using discriminant analysis was revisited recently 
with a new set of parameters, a new data set, and a new methodology (Idicula-Thomas & 
Balaji, 2005).  The parameters included were aliphatic index, molecular weight, and net 
charge.  Aliphatic index is related to the combined mole fractions of alanine, isoleucine, 
leucine, and valine, and this parameter has been shown to be significantly higher in 
thermophilic proteins than in ordinary proteins.  For this study, a set of proteins was used 
to develop the discriminant analysis prediction model and another set of proteins was 
used to test the model.  For the model of Idicula-Thomas and Balaji, post hoc analysis 
gave 100% accuracy for the soluble proteins of the training set and 70% accuracy for the 
insoluble proteins.  When this analysis was conducted using the correlation of Wilkinson 
& Harrison, 78% accuracy was found for the insoluble proteins and 32% for the soluble 
proteins.  This seems to indicate that the new model predicted soluble proteins correctly 
more often than the Wilkinson & Harrison model, while the reverse is seen for insoluble 
proteins.  Ultimately, the most important results come from analysis of the test sets, the 
sets to which the developed predictive correlations have not been exposed.  When the test 
protein sets were analyzed using the correlations from the training sets, the same trend 
was observed as with the post hoc analysis, except the accuracies were lower.  The model 
of Iducula-Thomas and Balaji correctly predicted 60% of test-set soluble proteins and 
64% of test-set insoluble proteins while the Wilkinson-Harrison correlation correctly 
predicted 13% of test-set soluble proteins and 72% of test-set insoluble proteins.   
  

As described in the Data and Software section, models in the current work were 
constructed via discriminant analysis in SAS, using various numbers and combinations of 
included parameters.  When all seventeen candidate parameters were included in the 
model, a 62.6% post hoc accuracy was achieved.  The greatest accuracy, 66.5%, was 
given by the model generated by the STEPDISC procedure and which included only the 
two most significant parameters for discriminant analysis: α-helix propensity and 
asparagine fraction.  In a post hoc evaluation of this model, 70.7% of the soluble proteins 
and 62.3% of the insoluble proteins were correctly classified into their respective groups.   
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The raw and standardized coefficients for the parameters (λi in Equation 1) in the model 
including all 17 parameters are given in Table 1, and those for the final model with only 
two significant parameters are given in Table 2. 
 

Parameter Standardized 
Coefficient 

Raw 
Coefficient 

Molecular Weight (kDa) 4.40 0.14 
αβ Propensity Ratio 3.16 66.60 
β-sheet Propensity 2.17 70.78 
Approximate Charge Average 0.44 10.55 
Asparagine Fraction 0.39 19.23 
Cysteine Fraction 0.31 10.21 
Turn-Forming Residue Fraction 0.24 4.35 
Proline Fraction 0.15 7.26 
Aliphatic Index 0.09 0.00 
Threonine Fraction 0.09 4.37 
Average # of Contiguous Hydrophobic Residues 0.03 0.02 
Combined Asn, Tyr, Thr Fraction 0.00 0.00 
Tyrosine Fraction -0.24 -10.26 
Total # of Hydrophobic Residues -0.32 0.00 
Hydrophilicity Index -0.58 -3.71 
α-helix Propensity -2.45 -65.22 
Total Number of Residues -3.79 -0.05 

 Table 1: Coefficients for all-parameters-included discriminant analysis model 
 
 

Parameter Standardized 
Coefficient 

Raw 
Coefficient 

α-helix Propensity     0.68 18.12 
Asparagine Fraction     -0.64 -31.02 

          Table 2: Coefficients for final discriminant analysis model 
 

Discriminant analysis model predictions were skewed heavily toward solubility 
(83.2% for the all-parameters-included model, including 100% of the soluble proteins 
and 74.8% of the insoluble protiens) even though barely one-third of the proteins in the 
database were soluble in E. coli.  These results indicated that discriminant analysis poorly 
modeled the system with the parameters given, so attention was next turned to logistic 
regression models. 

 
 The logistic regression models were constructed in a reverse-stepwise fashion, 
with the parameter with the highest null hypothesis probability removed at each step.  
This procedure resulted in a model with six significant parameters included: molecular 
weight, total number of hydrophobic residues, hydrophilicity index, approximate charge 
average, asparagine fraction, and tyrosine fraction.   
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The following table lists the parameters that were excluded from the final model, in order 
of removal, with their corresponding null-hypothesis values (pr): 

 
Parameter pr in Removal Step 

Total Number of Residues 0.858 
αβ Propensity Ratio 0.839 
Aliphatic Index 0.810 
β-sheet Propensity 0.794 
Average # of Contiguous Hydrophobic Residues 0.692 
Proline Fraction 0.653 
Threonine Fraction 0.628 
Combined Asn, Tyr, Thr Fraction 0.628 
Turn-Forming Residue Fraction 0.416 
α-helix Propensity 0.398 
Cysteine Fraction 0.155 

    Table 3: Removal of parameters from logistic regression models 
 
 It was somewhat unexpected that the parameters related to secondary structure (α-
helix and β-sheet propensities, turn-forming residue fraction) were excluded from the 
model, since these properties significantly affect protein folding and thus, the formation 
of inclusion bodies.  It is likely that these parameters do not appropriately describe the 
actual characteristics of the proteins; direct secondary structure data would be most useful 
in constructing a more precise model. 
  
 Deletion of the parameters listed in Table 3 left six significant parameters in the 
general logistic regression model.  These parameters are listed in Table 4, in order of fit 
to the model, as indicated by pr values. Also provided in this table are the corresponding 
null-hypothesis probabilities, relative weights and coefficient estimates (β values in 
Equation 2) for the model constructed with the entire protein database.  The intercept 
value (α) for the model was 0.1649.  
 

Parameter pr 
Relative 
Weight 

Estimated 
Coefficient 

Molecular Weight (kDa) <.0001 1.00 -0.1693 
Total # of Hydrophobic Residues <.0001 0.95 0.0600 
Hydrophilicity Index 0.0002 0.02 4.9629 
Approximate Charge Average 0.0192 0.05 -12.3538 
Asparagine Fraction 0.0325 0.11 -20.4259 
Tyrosine Fraction 0.0511 0.07 15.1898 

      Table 4: Parameters included in logistic regression models 
 
 As can clearly be seen in Table 4, molecular weight and total number of 
hydrophobic residues were the most significant parameters in the logistic regression 
model. After the parameters to be included in the logistic regression analysis were 
selected, models were built with 80%, 85%, 90%, and 95% of the total number of 
proteins as training sets, with the remaining proteins used as test sets to evaluate the a 
priori accuracy of the models.  The database was randomized eight times, so each model 
was evaluated with the eight random data sets.  The averaged results of these analyses are 
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detailed in Table 5; the accuracies for the post hoc analysis of the model constructed of 
the entire database (0% test-set size) are included as well. 
   

  Training-Set Accuracy (%) Test-Set Accuracy (%) 
Test-Set Size 
(percent of overall 
database) 

Soluble Insoluble Overall Soluble Insoluble Overall 

0% 42.7 89.4 73.9 --- --- --- 
5% 43.7 87.1 72.4 25.3 100.0 88.6 

10% 45.2 88.1 74.3 17.0 98.5 78.7 
15% 47.2 86.7 73.1 19.5 98.5 78.7 
20% 45.9 87.1 72.9 21.7 98.1 76.1 

Table 5: Averaged accuracies for logistic regression models with test sets of  
   various sizes 

 
 The data in Table 5 distinctively indicate that the logistic regression models 
significantly overpredict for insolubility, especially in the test-sets.  While the accuracy 
of the logistic regression models was lower than would be necessary for an adequately 
robust model, the low null-hypothesis probabilities of the two most important parameters 
(≤0.0001) and for the model as a whole (≤0.0001) indicate that the model fits the data 
fairly well.  Explanations may be speculated for this contradictory phenomenon.  First, 
the parameters used may not sufficiently characterize solubility properties, but intuition, 
previous studies, and the null-hypothesis probabilities described herein indicate 
otherwise.  The other possible explanation lies in the protocol for making predictions 
from the logistic regression models.  Since the outcome of the models is a probability of 
solubility between 0 and 1, probabilities of 0.5 or greater are classified as predictions of 
solubility, while probabilities less than 0.5 are classified as predictions of insolubility.  
Problems could arise in probability predictions that are very close to 0.5, as an incorrect 
prediction is more likely to occur when the probability approaches this delineation point.  
Thus, if the database contains a significant number of proteins whose solubility 
probability predictions are near 0.5, the overall accuracy calculations could be skewed 
even though the model gives a strong fit to the data.   
 

 
 
 
 
 
 
 
 
 
 
 



-15- 

As a solution to this problem, the post hoc predictions for the model that included 
all proteins were analyzed for accuracy within 10% probability ranges.  The result of this 
analysis is presented in Figure 2. 
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 Figure 2: Logistic regression model accuracy over prediction ranges 
 
As can be seen in this figure, accuracy rates significantly improve when the 

solubility predictions near the extremes of 0% and 100%.  However, due to the 
combination of the low number of soluble proteins in the database and the overprediction 
of insolubility, accuracy predictions above 60% solubility may not be of high statistical 
significance; while 100% accuracy was achieved in the 80%-90% range, only four 
proteins fell into this category.  While this is only a post hoc analysis, it stands to reason 
that test-set accuracies would exhibit the same trend of increasing accuracy toward the 
extremes of prediction.  A priori analyses of this kind were not performed, as the number 
of proteins in each range would be too small to be statistically significant.   
 
Neural Network Optimization and Analysis 
 

The first step in the optimization and analysis of the neural network involved 
constructing eight randomized training/test sets with each training set containing 80% 
(181) of the total proteins and each test set containing 20% (45) of the total proteins, with 
no proteins being present in both sets.  The eight randomized combinations were identical 
to the ones used for the logistic regression analysis.  The number of nodes used was kept 
at the default value of 4 for all eight sets.  The step sizes were kept at the default values 
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initially but it was discovered that divergence was seen with the step sizes that high.  
Then, all step sizes were reduced by half.  The hidden layer step size and output layer 
step size were reduced to 0.5 and 0.05, respectively.  No problems with divergence were 
seen with these smaller step sizes.  As stated before, the number of iterations was set at 
25,000 and this proved sufficient, since convergence was reached quickly for all sets, 
usually within 10,000 to 15,000 iterations.  The optimal network weights were taken to 
be the weighs giving the smallest MSE in the training.  The classification accuracies for 
soluble proteins, insoluble proteins, and the sum of the soluble and insoluble proteins for 
training and test sets are presented below as percentages.   
 
 Training Accuracy (%) Test Accuracy (%) 
Random 
Set 

Soluble Insoluble Overall Soluble Insoluble Overall 

1 67 97 86 78 89 87 
2 97 94 95 50 90 78 
3 82 98 93 29 65 53 
4 90 98 95 29 77 62 
5 84 98 95 32 54 38 
6 82 97 92 46 81 71 
7 80 93 88 40 63 58 
8 80 98 92 47 60 56 
Table 6: Randomized Training/Test Set Optimization 
 
It is seen that the specific proteins used in the training set play a strong role in the degree 
of classification accuracy.  While the training set accuracies are all relatively close, with 
86% being the lowest for randomized set 1, and 95% being the highest for randomized 
sets 2, 4 and 5.  The test set accuracies, however, are remarkably different.  The highest 
test set accuracy is seen for randomized set 1 and is 87% while the lowest is 38% for 
randomized set 5.  For the test sets, both the soluble and insoluble accuracies fluctuate 
wildly.  Randomized training set 1 and test set 1 were taken to have the optimal 
distribution of proteins in training and test sets since this configuration gave the highest 
overall test set accuracy.  This specific distribution was used for the next phase, node 
optimization. 
 
 In the next phase of optimization, the number of nodes was optimized using 
randomized training set 1 and randomized test set 1 for training and testing, respectively.  
All parameters, except the number of nodes, were kept at the same values used in the 
previous training/test set optimization.  Training and testing were performed first using 3 
nodes.  After collecting the training and test set accuracies, the number of nodes was 
increased by 1.  This was repeated up to 9 nodes.   
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The following table summarizes the effect of increased number of nodes on training and 
test set accuracies.   
 
 Training Accuracy (%) Test Accuracy (%) 
Number of 
Nodes 

Soluble Insoluble Overall Soluble Insoluble Overall 

3 84 91 89 65 84 78 
4 67 97 86 78 89 87 
5 83 96 91 55 84 74 
6 95 98 97 60 82 74 
7 94 99 97 60 79 72 
8 95 99 98 60 76 71 
9 94 99 97 50 74 66 
Table 7: Node Optimization Using Randomized Training Set 1 and Test Set 1 for 
Training and Testing 
 
The overall training set accuracies decrease and then increase again, but all are acceptable 
with the smallest being 86%.  The trends indicate that as the number of nodes is 
increased, the soluble, insoluble, and overall training accuracies tend to increase also.  
However, the reverse seems to be true for the test set accuracies.  The overall test set 
accuracy increases from 3 to 4 nodes, but then decreases from there.  The insoluble test 
accuracy follows the same pattern.  It can be concluded that there is a balance between 
training set classification accuracy and test set classification accuracy.  It appears that as 
the training set accuracy increases, the test set accuracy decreases.  The optimal number 
of nodes was set at 4, since this number gave the highest test set accuracy.  The 
difference between the overall training set classification accuracy and overall test set 
classification accuracy is only 1%, which shows that the algorithm created in training 
generalizes well to proteins not used in training. 
 

With the number of nodes set, it was desired to see how the size of the training set 
affected the training set and test set accuracies.  All of the previous tests were run using 
80% of the proteins for training and 20% of the proteins for testing.  The training set size 
was then increased to 85% of the total proteins, with 15% of the proteins used for test and 
the training and test set accuracies were analyzed.  For this, the number of nodes was set 
at 4 and all other parameters were kept at the same values used in the previous tests.  The 
following ratios of training set proteins to test set proteins were also tested: 90/10 and 
95/5.  This method was repeated for the other seven randomized sets that were used 
earlier.  This gave eight different training and test accuracies for each ratio of training to 
test proteins.  From this data, averages were taken over the eight randomized sets for each 
ratio.  
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The effect of training set size on training and test set average classification accuracies is 
illustrated in Table 8 below. 
 

 Training Accuracy(%) Test Accuracy(%) 
% Training Set 
Proteins/% Test 
Set Proteins 

Soluble Insoluble Overall Soluble Insoluble Overall 

80/20 83 96 92 44 72 63 
85/15 86 95 92 54 76 69 
90/10 84 96 92 54 72 66 
95/5 89 92 91 82 77 80 

Table 8: Effect of Training Set Size on Average Training-Set and Test-Set Accuracies 
 
Increasing the training set size has almost no effect on the overall training set accuracy as 
all values are nearly identical.  The overall trend in test set accuracy indicates that 
increasing the training set size increases the test set accuracy.  This gives us some 
confidence that probable accuracies in the range of 69-80% should be achieved when 
testing new proteins using the training weights obtained using all 226 proteins as the 
training set.   
 
 The final step involved using all 226 proteins for training (post hoc) of the neural 
network using 4 nodes and other parameters used previously.  The training set accuracy 
for this training is presented in Table 9 below. 
 

Training Accuracy (%)  
Soluble Insoluble Overall 
80 96 91 
Table 9: Training Accuracy Using All 226 Proteins for Training 
 
The classification accuracies of both the soluble and insoluble proteins are both relatively 
high.  The insoluble training accuracy is actually close to 100%.  The classification 
accuracy for soluble proteins is most likely lower because there are fewer soluble 
proteins available for training.  The overall training accuracy was roughly 3% higher here 
than in the study of Wilkinson & Harrison (1991) and the database was much larger with 
nearly three times as many proteins as their database. 
 
 The training set accuracy was analyzed further by breaking the model down into 
solubility output ranges in increments of 0.1 ranging from 0 to 1.  The neural network is 
similar to the logistic regression in that any output higher than 0.5 is rounded up to 1 and 
any output lower than 0.5 is rounded down to zero.  It was assumed that the outputs close 
to 0.5 would be the most prone to be incorrect classifications and the outputs closest to 0 
and 1 would have the highest classification accuracies.  For each output range (0-0.1, 0.1-
0.2, etc.), the percentage of proteins and classification accuracy were calculated.   
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The results are summarized in Figure 3 below. 
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Figure 3: Model Accuracy over Prediction Ranges 
 
The graph shows that 100% classification accuracy was seen from 0.1-0.3 and from 0.5-
0.8 while worse accuracies were seen at the extremes.  However, less than 15% of the 
total proteins fell in the range of 0.1-0.9.  That means that the ranges that had 100% 
classification accuracies only had between 2 and 6 proteins each.  The range 0-0.1 had 
the lowest classification accuracy but it also had the largest number of proteins (64% of 
the total proteins).  It was initially thought that the post hoc accuracy could be improved 
by only considering proteins with outputs near the extremes, but since the vast majority 
of outputs fall at the extremes anyway, this would not be helpful.  This is in contrast with 
the logistic regression model, which did have a significant number of proteins with 
outputs closer to 0.5.  This indicates that the neural network model makes more decisive 
decisions based on its training than the logistic regression model and this is why the post 
hoc accuracy is higher.   
 

The magnitudes of the weights from the hidden layer give insight into which 
parameters are most important in accurate solubility classification.  The larger the 
magnitude of a weight, the more important the parameter is in classifying protein 
correctly as soluble or insoluble.  There are 68 weights given for the output of the hidden 
layer, 17 parameters for each of the 4 nodes.  Each node is independent of the next and so 
there are some differences in weights for a given parameter between nodes.  For each 
individual parameter, an average was taken over the four nodes.   
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The averaged weights over the 4 nodes for all 17 parameters are presented in Figure 4 
below  
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Figure 4: Protein Parameter Contributions to Protein Classification 
 
The most important contributor to correct classification of proteins as soluble or insoluble 
is asparagine fraction, with the total number of hydrophobic residues and tyrosine 
fraction being the second and third most important, respectively.  The turn-forming 
residue fraction, average number of contiguous hydrophobic residues, and aliphatic index 
had the smallest contributions in classifying proteins correctly, although they were not 
negligible.  It is interesting that the asparagine fraction and tyrosine fraction were the 
most important parameters when there was no theoretical basis for adding them.  They 
were included because they were previously shown to have a significant contribution to 
correct protein solubility classification (Idicula et al., 2005).  Unlike the study of 
Wilkinson and Harrison (1991), this neural network model found cysteine fraction, turn-
forming residue fraction, and hydrophilicity index to have small contributions to accurate 
solubility prediction.  The secondary structure parameters (alpha helical and beta sheet 
propensities), while not the most important parameters, did have significant contributions 
to solubility prediction.  More research should be performed to try and make a theoretical 
link between asparagines, threonine, and tyrosine, and protein solubility, as they all had 
significant contributions to accurate protein classification as soluble or insoluble in this 
study as well as the study of Idicuta et al. (2005).  With molecular weight being the fifth 
most important parameter, it appears that size is an important aspect in determining 
solubility.  It is hypothesized that larger proteins form protein-protein interactions more 
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frequently since they are more concentrated per a given number of protein molecules and 
this leads to aggregation.  All parameters used to construct the neural network model, 
including weights and momentum values for each layer, are presented in the 
supplemental information so that others can re-create it for further research and testing.   
 

Finally, another important observation is that of all the important parameters that 
were identified and used in the final logistic regression model, (molecular weight, total 
number of hydrophobic residues, hydrophilicity index, approximate charge average, 
asparagine fraction, and tyrosine fraction), hydrophilicity index and the approximate 
charge average received less weight than others that were disregarded in those models, 
such as proline fraction, alpha helix propensity, or beta sheet propensity.  This indicates 
that the primary structure data available is deficient in describing solubility, since a priori 
accuracies are low for all models and the significance of the parameters conflicts among 
the different techniques employed.  More precise and complete information about the 
secondary structures of the proteins would likely provide more accurate models, but such 
data is not widely available for these proteins at this time. 
 
 
Conclusion 
 
 A protein solubility database for recombinant genes overexpressed in E. coli was 
assembled from previously published work, increasing the size of the database to 226 
proteins.  Protein properties that influence solubility were identified as parameters for 
modeling.  Protein solubility models were constructed and evaluated using three different 
approaches: discriminant analysis, which was used in previous studies of this nature; 
logistic regression, a more robust and appropriate statistical method given the properties 
of the protein dataset; and neural networks, an emerging, adaptive technique that 
develops a model by “learning” from the data.  A summary of post hoc and a priori 
accuracies for the resultant models is presented in Table 7, below: 
 

Method 
Post hoc accuracy 

(for entire 
database) 

A priori accuracy 
(probable range) 

Discriminant Analysis 66.5% --- 
Logistic Regression 73.9% 78.7-88.6 % 

Neural Networks 91.0% 69.0-80.0% 
    Table 10: Comparison of post hoc and a priori accuracies for the three models 

 
Post hoc evaluations of accuracy, using all data both to build and to test the 

models, indicate that the neural network is the best model for describing protein 
solubility. While discriminant analysis models skew heavily toward predictions of 
solubility, and logistic regression models skew toward predictions of insolubility, neural 
network models demonstrate the best balance between soluble and insoluble prediction 
accuracies. The a priori evaluations, using distinct randomized training sets to predict 
solubility of test-set proteins, show that logistic regression outperforms neural networks 
in this task.  Logistic regression models were also shown to be very accurate (>90%) 
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when generating predictions of solubility that neared 0% or 100%, but predictions near 
50% were not statistically better than chance.  Finally, the only parameter that was found 
significant in all three models was the asparagine fraction.  This indicates that more 
research should be performed to investigate the link between asparagine and solubility.   

 
Recommendations for Further Study 
 
 While the results of the study suggest that neural networks work more efficiently 
than discriminant analysis and logistic regression and the overall accuracies are very 
good, they could still be improved.  Another parameter that should be explored to 
improve classification accuracy is called the osmotic second virial coefficient (Valente et 
al., 2005).  This thermodynamics parameter describes two-body interactions, where a 
positive value indicates repulsive interactions and a negative value represents attractive 
interactions (Valente et al., 2005).  The investigation of this parameter represents a 
fundamentally different approach to protein folding and solubility than has been taken 
previously.  Instead of looking at protein-solvent interactions, this approach looks at 
protein-protein interactions.  This new direction indicates that aggregation may be more a 
result of attractive reactions between proteins than repulsive reactions between protein 
and solvent.  The importance of the molecular weight parameter in both the logistic 
regression and neural network models lends support to the potential of this parameter.  
Proteins with higher molecular weights will be larger and will tend to be in closer contact 
with neighboring proteins, making protein-protein interactions more likely, which could 
initiate aggregation. 
 
 Another topic for further investigation is the possibility of utilizing the three 
models described herein in concert to predict protein solubility.  Since discriminant 
analysis models overpredict for solubility, predictions of solubility would be less likely to 
be correct.  Thus, if a protein was predicted by the discriminant analysis model to be 
soluble, it could then be sent to the logistic regression model, which overpredicts for 
insolubility.  Also, consensus predictions could be determined from the three models, and 
corresponding accuracies of prediction could be evaluated.   
 
 Finally, it may be beneficial to add the longest consecutive hydrophobic string of 
residues as a parameter.  It was shown that the average number of contiguous 
hydrophobic residues was not an important parameter, but it is possible that taking an 
average compressed the values into a small range (usually between 1.5 and 2).  This may 
be a better parameter for considering hydrophobic residues.   
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