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Predicting the final neuropeptide products from neuropeptides genes has been problematic because
of the large number of enzymes responsible for their processing. The basic processing of 22 Aplysia
californica prohormones representing 750 cleavage sites have been analyzed and statistically modeled
using binary logistic regression analyses. Two models are presented that predict cleavage probabilities
at basic residues based on prohormone sequence. The complex model has a correct classification rate
of 97%, a sensitivity of 97%, and a specificity of 96% when tested on the Aplysia dataset.
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Introduction

Understanding brain function requires knowledge of the
intercellular signaling molecules used by neurons. Neuropep-
tides are the most diverse and largest category of signaling
molecules. The library of neuropeptide genetic information has
exploded with current molecular biology techniques. However,
the translation of genetic information into knowledge of
biologically active neuropeptides is considerably more difficult.
As of yet, expert systems cannot transform gene sequences into
accurate predictions of final peptide products. Large prohor-
mones are processed into smaller bioactive components under
the action of large numbers of enzymatic processing steps.
Many of the final products are incompletely characterized, and
it is often difficult to determine the processing steps taken to
produce these neuropeptides. Biochemical characterization of
neuropeptides in the brain is a difficult task made easier by
the advances in mass spectrometry (MS) techniques. Matrix-
assisted laser desorption/ionization mass spectrometry (MALDI
MS) is a simple and elegant method to profile the peptide
contents of a single cell*® and can provide a snapshot of the
peptide content of a single cell, from the intermediate prohor-
mone products to the final bioactive peptides. As prohormones
can be produced in a cell specific manner, the ability to
examine cells individually is crucial for an understanding of
the tissue-specific processing of neuropeptides.

The cleavage of bioactive peptides from a prohormone is
controlled by a series of proteolytic enzymes. The most
common cleavages occur at basic processing sites by endopro-
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teases, typically at mono- and dibasic amino acid residues or
at furin sites (R—X—K/R—R).* The proprotein convertases
responsible for this activity are part of the subtilisin family of
enzymes and are highly conserved across species.® Additional
nonbasic processing sites have been observed. In our labora-
tory, the complete processing of multiple prohormones of the
marine mollusc, Aplysia californica, has been determined using
MALDI MS.”"® The MS profile contains partially processed
intermediates and the final posttranslationally modified peptide
products. In this study, the processing of multiple prohormones
was examined using previously published MS data, and the
cleavage percentages of the common processing sites compiled.
In addition, the amino acids surrounding and including the
basic site were analyzed for trends. These residues were
statistically examined using regression analyses and two models
were generated. These models were tested first on the Aplysia
dataset and then on data from other species to test their
predictive power. This information aids in the prediction of
peptides from gene sequences.

Materials and Methods

Data Tabulations. All Aplysia prohormones used have been
published previously: proELH,%¥® proR3—14 and proR15,!!
proL5—67,'2 proNPY,* proCerebrin,** proAMRP,” prolnsulin,?
proPRQ,'® proAPGWSs,¢ proPEP,Y” proCP2,'8 proCCK,* proFM-
RFa,? proMyomodulin,?* proFRFa,??> proFCMP,2® proATRP,?*
proALK,?® proEnterins,?® and proSCP.?” To ensure equivalent
high quality processing data, only prohormone processing
confirmed by mass spectrometry has been used. The data were
compiled into a database with Microsoft Access.

Statistical Analyses. The binary logistic regression models
were constructed using Minitab Statistical Software (Release
12, Minitab Inc.). To determine the significant amino acids,
binary logistic regression analyses were performed for each
position in the sequence being evaluated.

10.1021/pr034046d CCC: $25.00  [J 2003 American Chemical Society



From Precursor to Final Peptides

... DKRFMRFGKSLGTDDVNKRFMR . . .
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Figure 1. Segment from the Aplysia FMRFa prohormone se-
quence labeled to demonstrate the nomenclature for sequences.

The sequence nomenclature was adapted from previous
studies.?®? The scissile bond was defined as the bond C-
terminal to the furthest C-terminal basic amino acid. The
sequence examined included the 9 amino acids N-terminal to
the scissile bond (including the basic cleavage site), and the 9
amino acids C-terminal to the basic site. The basic site is
defined as the — 1 position (dibasic sites occupy the — 2 and
— 1 positions, tribasic, —3, —2, —1, etc.). The amino acid
position immediately adjacent to a monobasic site on the
N-terminal side was designated —2 (—3 for a dibasic site). The
further N-terminal amino acids were labeled sequentially. A
symmetrical nomenclature was used with the C-terminal amino
acid positions: + 1 for the position adjacent to the basic site,
+ 9 for the furthest position. This nomenclature system is
illustrated in Figure 1.

Results

Many elegant studies have described neuropeptide process-
ing to develop rules of processing prohormones in vivo.?2°
However, since the advent of methods that allow the measure-
ment of the full processing of a prohormone into final peptide
products, there have been few studies describing the processing
of multiple prohormones to verify these processing observa-
tions. In addition, the current study involves a considerably
larger data set than use in previous studies?®?2° to summarize
neuronal prohormone processing.

In the cases of prohormones containing repeating sequences,
each peptide produced from the prohormone was counted
individually. For a site to be counted as processed, at least one
of the two fragments with the exact mass (within one part in
one thousand) that corresponds to that cleavage must be
detected with mass spectrometry. An unprocessed site was
determined by detection of a defined mass corresponding to a
peptide fragment with the site uncleaved. Some sites are
partially processed, that is, both processed and nonprocessed
forms are detected. Although such incomplete processing may
be real (a site is only partially processed), a likely explanation
is the nature of MS data. The MS approach obtains a snapshot
of the peptides at a particular time in a cell at the instant the
cell is acidified with the MALDI matrix. Because of this, partially
processed sites are counted as processed.

The basic residues considered are Lys and Arg. For these
tables, the monobasic sites are single Lys or Arg residues, with
two or three adjacent basic residues comprising the dibasic and
tribasic sites. Not surprisingly, the most frequently used cleav-
age sites are dibasic residues, with 100% of the KR residues
cleaved and only 1 of the 2 RK sites cleaved. Over 375 dibasic
sites were examined from 21 prohormones and the results are
tabulated in Table 1. Although dibasic residues are the most
common cleavage locations, monobasic sites are used as well.
The usage percentages for mono- and tribasic residue cleavage
as well as furin cleavages in Aplysia prohormones are also
presented (Table 2). Only sites that conform to the R—X—K/
R—R cleavage consensus site*® were counted as furin sites.

To determine the amino acids that significantly affect the
probability of cleavage, a binary logistic regression analysis was
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Table 1. Processing Percentages at Dibasic Residues in
Aplysia Prohormones

RR RK KR KK
not not not not
prohormone used used wused wused used used used used
proELH 1 1 2
proR3—14 1 1
proR15 1 1 2 1
proL5—67 1
proNPY 1
proCerebrin 2
proAMRP 4 11 4
prolnsulin 1 2 1
proPRQ 66
pProAPGWs 1 1 12
proPEP 23
proCP2 1
proCCK 2 23 2
proFMRFa 1 31
proMyomodulin 17 2
proATRP 2
proALK 81 2
proEnterins 1 39 1
proFCAP 37 2
proOMMs 1 3
proFRFa 8
totals 9 6 1 1 365 O 15 0
60% 50% 100% 100%

Table 2. Processing Percentages at Monobasic and Tribasic
Residues and Furin-Like Sites in Aplysia Prohormones

monobasic sites  tribasic sites  furin sites

R K KKR or RKR R—X—K/R—R
not not not not
prohormone used used used used | used used  used
proELH 3 11 2 2 1 1
proR3—14 1 7 1
proR15 5 1
proL5—67 3
proNPY 6 1
proCerebrin 2 2 1
proAMRP 16 21 1 11
prolnsulin 2 6 1 1
proPRQ 37
proAPGWs 2 1
proCP2 2 5 1 2
proSCP 2 3
proCCK 2 38 7
proFMRFa 5 31 21 3 2
proMyomodulin 1 17 1
ProATRP 2
proALK 5 5 4
proEnterins 3 1 6
proFCAP 1 1 3 1
proOMMs 8 14 1 1
proFRFa 6
totals 46 220 27 33 19 1 6 2
17% 45% 95% 75%

performed for each sequence position in the —9 to +9 positions
(Analysis 1). This analysis contains too many variables to be
useful. Thus, the complexity of the model was reduced using
multiple iterations and selecting the most significant amino
acids in a stepwise fashion at each position for predicting
cleavage. Specifically, the amino acids with p values of 0.000
in Analysis 1 from the positions —9 through +9 were analyzed
together in a regression analysis (Analysis 2). The majority of
significant amino acids were located in the —5 through +5
positions, so additional analyses focused primarily on that
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Table 3. Comparison of Dibasic Cleavage Percentages for
Aplysia, Mammal, and Insect Sequences

Aplysia mammals? insectsP
percent of percent of percent of
pairs pairs pairs pairs pairs pairs

analyzed cleaved analyzed cleaved analyzed  cleaved

KR 365 100 27 100 39 95
RR 15 60 13 62 18 33
RK 2 50 8 25 9 0
KK 15 100 8 38 5 20

refs: aSchwartz, 1983; PVeenstra, 2000.

portion of the sequences. Considering this portion, all of the
amino acids with p values < 0.05 from Analysis 1 were analyzed
in a regression and the amino acids with p values < 0.300 were
deemed significant (Analysis 3). From these analyses, a subset
of the most significant amino acids at predicting cleavage was
constructed.

This subset is composed of the significant amino acids from
Analysis 3 (=5 through +5). In addition, Lys in the +9 position,
the only amino acid from a position further removed from the
cleavage site remaining in the simplified model (—9 to —6 and
+6 to +9) to have a p value < 0.100 in Analysis 2, remained in
this model. A regression analysis was performed with this
subset (Analysis 4). This analysis, Analysis 4, was used as the
basis in constructing the final models. Analysis 4 provided p
values for every amino acid in the subset relative to one
another. Using varying cutoff p values, portions of the subset
could be selected and analyzed together to construct the final
models. Model 1 was constructed with a cutoff p value < 0.500
from Analysis 4 and Model 2 used a cutoff p value < 0.050.

A summary of Model 1 is presented in Table 4 while the
results of Model 2 are detailed in Table 5. Additional measures
of accuracy?! for the two models are provided in Table 6. The

Table 4. Quantitative Values for Basic Cleavage from Model 12

Hummon et al.

models were also tested on published sequences (Supporting
Table 1) and the measures of accuracy are also provided in
Table 6. Finally, the processing of mosquito prohormones is
predicted with Models 1 and 2 and is compared with recently
published predictions (Supporting Tables 2 and 3).

Discussion

One of the most important family of enzymes responsible
for prohormone processing are the proprotein convertases (PC),
a group of subtilisin-like endoproteases, that cleave at the
carboxyl terminus of basic residues.* Following cleavage by the
protease, carboxypeptidases remove the basic residues from
the C-terminus of the nascent neuropeptide.®? The proteases
are highly conserved across species and primarily are present
in the secretory vesicles.>® Some of the PCs have complemen-
tary activity, for example, PC1 and PC2 both act in the
processing of proinsulin, though cleaving the molecule at
different sites.* One of the PCs, furin, cleaves predominantly
at the consensus sequence R—X—K/R—R,% although it has been
demonstrated through site-directed mutagenesis that the en-
doprotease will cleave at other basic combinations as well,
though less efficiently.3* In Aplysia, four PCs have been cloned,
aPC1A,% aPC1B,3335 aPC2,%33536 and aFurin.3337 Also, two Aplysia
carboxypeptidases, carboxypeptidase D*® and E,*® have been
characterized, indicating that the expected suite of processing
enzymes are found in Aplysia.

A protein molecule can be considered from multiple per-
spectives; for example, each protein has unique primary,
secondary, and tertiary structures. When examining complex
molecular interactions such as enzyme recognition resulting
in protein cleavage, each of these different types of structural
information may be evaluated to assist in predicting this
processing event. Certainly, explanations that encompass
multiple structural elements are valuable; however, in many
cases, valid information can be gleaned from primary structure
alone.

factors that assist cleavage

amino amino
position acid coef. Z value P value position acid coef. Z value P value
-5 H 1.178 0.76 0.446 +1 Q 1.341 1.57 0.117
-5 P 1.037 1.01 0.313 +1 S 2.454 3.08 0.002
—4 F 2.089 1.86 0.062 +3 P 2.508 3.68 0.000
—4 L 1.932 1.83 0.067 +5 \% 3.176 2.12 0.034
—4 \% 4.207 3.12 0.002 +9 K 0.897 1.08 0.280
-3 L 1.435 1.68 0.092
-2 G 3.163 4.20 0.000
-2 K 8.643 6.44 0.000
-1 R 0.884 1.39 0.166
factors that hinder cleavage
amino amino
position acid coef. Z value P value position acid coef. Z value P value
-3 R —2.888 —1.23 0.217 +1 F —2.787 —3.15 0.002
-2 M —1.455 —0.96 0.335 +1 L —3.370 —2.64 0.008
+1 N —4.770 —2.83 0.005
+1 Y —-1.617 —1.09 0.276
+2 F —2.372 —-1.73 0.084
+4 F —0.807 —0.82 0.411
+4 M —1.670 —1.01 0.312
+5 K —2.279 —1.45 0.146

aWhen tested on the Aplysia dataset, 472 basic sites were predicted to be cleaved with Model 1 that were observed to be cleaved with mass spectrometry,
10 sites were predicted to be cleaved that were not observed with MS, 16 sites were not predicted to be cleaved that were observed to be cleaved by MS, and
252 sites were not predicted to be cleaved that were not observed to be cleaved by MS. The model constant value is —2.8334, the Z value is —4.18, the p value
is 0.000, the percentage of concordant pairs is 99.3%, the percentage of discordant pairs is 0.5%, and the percentage of ties is 0.1%.
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Table 5. Quantitative Values for Basic Cleavage from Model 22

factors that assist cleavage
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amino amino
position acid coef. Z value P value position acid coef. Z value P value
—4 \% 3.179 3.16 0.002 +1 S 2.362 3.46 0.001
-2 G 2.986 4.77 0.000 +3 P 3.493 6.35 0.000
-2 K 8.551 7.33 0.000 +5 \% 2.528 2.35 0.019
factors that hinder cleavage

+1 F —2.869 —3.72 0.000

+1 L —2.340 —2.16 0.031

+1 N —3.161 —1.80 0.073

aWhen tested on the Aplysia dataset, 472 basic sites were predicted to be cleaved with Model 1 that were observed to be cleaved with mass spectrometry,
13 sites were predicted to be cleaved that were not observed with MS, 16 sites were not predicted to be cleaved that were observed to be cleaved by MS, and
249 sites were not predicted to be cleaved that were not observed to be cleaved by MS. The model constant values is —2.1901, the Z value is —7.71, the p value
is 0.000, the percentage of concordant pairs is 98.0%, the percentage of discordant pairs is 0.6%, and the percentage of ties is 1.4%.

Table 6. Assessment of Prediction Errors for Models 1 and 2 with Aplysia Prohormones and Sequences from Other Species?

simple model

complex model

complex model

measure calculation Aplysia dataset Aplysia dataset other species®

prevalence (a+c)/N 65.1% 65.1% 56.6%
overall diagnostic power (b + d)/N 35.9% 34.9% 43.4%
correct classification rate (a+d)/N 96.1% 96.5% 89.8%
sensitivity a/(a+c) 96.7% 96.7% 87.2%
specificity d/(b + d) 95.0% 96.2% 93.1%
false positive rate b/(b + d) 4.9% 3.8% 6.9%
false negative rage c/(a+c) 3.3% 3.3% 12.8%
positive predictive power a/(a+b) 97.3% 97.9% 94.3%
negative predictive power d/(c +d) 95.0% 94.0% 84.8%
misclassification rate (b +¢c)/N 3.9% 3.5% 10.2%
odds-ratio (a*d)/(c*b) 565.0 743.4 91.6

a The confusion matrix terms are defined as: a: basic sites that were predicted to be cleaved with Model 1 that were also observed to be cleaved with mass
spectrometry; b: sites that were predicted to be cleaved by Model 1 that were not observed to be cleaved with MS; c: sites that were not predicted to be

cleaved but were observed to be cleaved by MS; d: sites that were not predicted to be cleaved that were also not observed to be cleaved by MS.  Other
Species: Includes Cockroach allatostatin (Periplaneta americanus), Loligo FMRFa (Loligo opalescens), Snail CDCH (Lymnaea stagnalis), and several Fruitfly

prohormones (Drosophila melanogaster) (166 total sites).

As shown in Table 1, the most striking result is the utilization
percentage of Lys-Arg (KR) and Lys-Lys (KK) sites; all of the
365 KR and 15 KK sites surveyed were cleaved, making these
residues reliable predictors of cleavages from new prohor-
mones. Tribasic sites are also frequently cleaved (95%, Table
2), although they occur less commonly in prohormone se-
quences. Thus, KR and KK sites are an excellent example of
the predictive power of primary structure as these specific
combinations of amino acids are sufficient for endoprotease
action, regardless of the local secondary and tertiary structure.

Another interesting property of these cleavage patterns is
their conservation in diverse metazoa.?4° The utilization
percentages for common cleavage sites have also been com-
piled for insects and mammals (Table 3)%4! and show notice-
able consistency between different animals. In a study by
Paganetti and Scheller, the Aplysia atrial gland ELH-related
precursor (A-ELH) was transfected in anterior pituitary tumor
(AtT-20) cells. In the mammalian cells, processing of the
precursor occurred with cleavages produced at the same
monobasic and dibasic amino acids sites that are natively
utilized in Aplysia.’ The largest difference between phyla are
the less commonly employed basic residues such as KK, which
may be because of the poor statistics from uncommon pro-
cessing sites when using data sets of limited size.

As shown in Table 2, although common in prohormones,
the monobasic residues are less frequently used cleavage sites.
In this case, the primary structure does not appear sufficient
to accurately predict cleavage, perhaps due to more elaborate
secondary structure near such sites or the properties of the

enzymes. As a consequence, previous studies have examined
the sequences surrounding monobasic sites.?®4243 These studies
produced systems of rules that are fairly accurate in the
prediction of neuropeptides. These rules have been compiled
by observing the frequencies of individual amino acids occur-
ring in specific positions, tabulating their frequencies, and using
those frequencies to infer the significance of the amino acid
for recognition and cleavage by an endopeptidase. To our
knowledge, the current study represents the first quantitative
statistical analysis on this type of dataset. Our statistically based
results agree with previous studies, but provide additional
quantitative information, especially useful when confounding
amino acids are present near a basic site (those that predict
cleavage and those that hinder cleavage).

One of the primary observations in these prior studies is a
higher cleavage percentage at single arginine residues than at
single lysine residues. We observe the opposite trend; in the
Aplysia prohormones, single lysine residues are cleaved 45%
of the time while single arginine residues are used only 17% of
the time. However, the higher percentage for lysine is partially
due to the large number of single lysine sites cleaved in the
proFMRFa precursor (21 of the 27 cleaved lysine sites are from
the FMRFa prohormone). Single arginines are more common,
but lysines are a more likely site for cleavage.

To determine more complex sequence trends concerning
basic cleavage, statistical analyses were performed. Regression
analyses investigate and model the relationship between a
response variable and its predictor variables. In binary logistic
regression analyses, the data is dichotomized into a binary
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9(m)=Bo+x; B+ %, Bt - - - =Loge(m/(1- m))

9(m) = the Estimated Linear Function of the Model
11; = Probability of a response
B, = the Intercept (the Model Constant Value)
x;” = A vector of predictor variables associated with the jth factor/covariate pattern
(The number of times a predictor appears in a Consensus Sequence, 0 or 1)
B;= A vector of unknown coefficients associated with the predictors
(Coefficient for a predictor)

Figure 2. Logit functions that are used to construct binary logistic
regression models. The quantitative values provided in Tables 4
and 5 can be used to compute the probability values for any
combination of predictors described by the models.

function. In this case, the surrounding amino acids, the
predictor variables, are used to evaluate the outcome of a
binary response variable, cleaved/not cleaved.

For each of the predictor variables, a coefficient (coef.), a z
value, and a p value is provided. The coefficient represents the
marginal contribution to the logit function for a specific
variable. The distribution of the data is “linked” to the model
by means a logit link function. The logit function expresses the
probability of cleavage (see Figure 2). One unit of change in a
coefficient results in one unit of change in the value of the logit
function. The z value is the test statistic for the coefficient of
each predictor variable. A larger z value indicates a more
significant variable. Both the coefficients and the z values can
be expressed as positive and negative values. In these models,
positive values reflect increased likelihood of cleavage; negative
values indicate less likelihood. The p value is associated with
the test statistic and is the probability that the coefficient is
statistically different from zero.

The accuracy of the models is also provided. Once the data
is linked to the logit function, the model is used to predict the
response variable for each data point in the given data set. A
probability value for each set of predictor variables is calculated
and compared against a threshold probability value. The
threshold probability value is the second derivative of the logit
function. For a binary logistic regression, the threshold prob-
ability value is 0.50 or 50%. The percentage of concordant pairs
indicates the percentage of trials when the model accurately
predicted the binary response variable, given the predictor
variables. The discordant pairs indicate the percentage of
inaccurate predictions. When the value of the binary response
variable matches the threshold probability value, it is recorded
as a tie. For these models, calculated values for the logit
function above 0.50 indicate a cleaved prediction and values
below 0.50 predict that a specific sequence will not be cleaved.

Two models are presented in this report. Model 1 (Table 4)
is more complex, containing more predictor variables, and has
a higher degree of accuracy. Model 2 (Table 5) is considerably
simpler, less accurate, but contains only statistically relevant
predictor variables in a few key positions. Accuracy measure-
ments for the two models®! are provided in Table 6.

Model 1 has a 96.5% correct classification rate with the
Aplysia dataset. The model indicates the significance of 24
different predictor variables occupying 11 of the different sites
in the sequence. Some trends that are apparent in the model:
cleavage is assisted by the presence of bulky, hydrophobic
residues in the —4 position but hindered by their presence
C-terminus to the basic site. Lys in the —2 position is a powerful
predictor of cleavage, not surprising considering the 100%
cleavage percentages observed for both KR and KK sites. Small
amino acids adjacent to the basic site promote cleavage,
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whereas large residues are detrimental to cleavage. Many
bioactive neuropeptides have amidated C-termini, the result
of a glycine residue that has been converted by peptidylglycine
alpha-hydroxylating monooxygenase to form the amide.*4
Because of this important biological function, glycines com-
monly precede cleavage sites. A large percentage of Aplysia
prohormone cleavage sites are preceded by glycine residues;
structurally, this may be because Gly allows a wider range of
unusual main chain conformations.*® When glycine precedes
a basic site, the likelihood of cleavage is significantly increased.
Proline aids cleavage when it is present in positions a few
amino acids from the basic site: —5 and +3 positions. Perhaps
its unique structure contributes a bend to the peptide config-
uration, permitting easier access to the scissile bond. Other
trends can also be inferred, but are not as striking.

Similar trends can be inferred from Model 2. This model is
considerably simpler and indicates that with only 9 amino acid
predictors in 5 positions, a 96.1% correct classification rate can
be obtained. In this model, all but one of the predictor variables
are statistically significant and all but three aid cleavage.
Although Model 1 contains numerous amino acids factors and
high accuracy, this model was designed to be a blend of
simplicity and accuracy. Model 2 contains only a few powerful
predictors for quick prediction.

The predictions of Model 2 are similar to those from Model
1 and make sense from a chemical standpoint. Small amino
acids, glycine and serine, adjacent to the basic site allow the
endoprotease access and promote cleavage. Bulky hydrophobic
residues, like phenylalanine, leucine, and valine, aid cleavage
when positioned far from the basic site (—4 and +5 positions)
but are detrimental when found closer (+1 position). In fact,
the +1 position contains four of the nine strong amino acid
predictors, indicating the importance of this site for enzyme
recognition. As with Model 1, Lys is an extremely strong
predictor of cleavage in the —2 position. The variables in these
models are linear, that is, they predict cleavage independent
of the presence of other amino acids. Using multiple variables
simultaneously was not necessary to achieve accurate predic-
tions and would complicate the analysis.

To test the statistical models on a different dataset, the
processing of published prohormones from other species were
examined. The processing of cockroach allatostatin (Periplaneta
americanus*’“8), squid FMRFa (Loligo opalescens*®), snail CDCH
(Lymnaea stagnalis®®), and multiple fruit fly prohormones
(Drosophila melanogaster®) were previously determined using
MALDI and ESI—MS and so the data quality is similar to those
used in constructing the model. The sequences surrounding
and including each of the basic sites in the prohormones were
examined and Model 1 was used to make cleavage predictions.
These predictions were then compared against the published
results (Supporting Table 1); out of 166 basic sites, 149 were
predicted correctly with Model 1, giving a correct classification
rate of 89.8%. Additional measures of accuracy are described
in Table 6. These results imply that the models described here
have relevance to organisms besides Aplysia in a wide variety
of metazoa with only a slightly poorer predictive ability.

For the allatostatin prohormone, the model and the MS data
agreed in all cases. As a general rule, arginine was not found
to be a strong predictor of cleavage when found in the —2
position, perhaps because RR and RK sites had 60% and 50%
cleavage percentages in the Aplysia dataset, respectively, as
compared to the 100% cleavage percentages when a lysine is
found in the —2 position (Table 1). There were six other false
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Basic
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ModelConstant Value=-2.1901
-2G Coefficient=2.9864

9(m)=Bo X Bit X Byt . . . =Loge(m/(1- m;))

+18 Coefficient=2.3618

g(m)=-2.1901+(1)(2.9864)+(1)(2.3618) =Log, (m/(1- 7))
3.1581=Log,(x/(1- 7))

I1=0.9592 or 95.92%

Figure 3. Example calculation to predict the probability of
cleavage for a segment of the Aplysia FMRFa prohormone using
the logit function for Model 2. The segment is predicted to cleave
based on the calculation, which predicts a probability of 95.92%.

negatives corresponding to sequences with arginine occupying
the —2 position; three tribasic KRR sites, one from proCDCH
and two from the Drosophila prohormones and 3 RR sites, all
from the Drosophila prohormones. Another source of multiple
false negative results was a repeating sequence from the FMRFa
prohormone. In the prohormone, a sequence with glycine in
the —2 position, a single basic residue, and either asparagine
or aspartate in the +1 position (G—K/R—N/D) repeated five
times. These sites were cleaved according to the MALDI data;
however, Model 1 did not predict these events, due in large
measure to the presence of Asn/Asp in the +1 position, which
is a strong predictive factor for hindering cleavage in the Aplysia
prohormones.

There were only five cases of false positives, where Model 1
predicted cleavage and it was not observed in the MALDI or
ESI data. One case involved a sequence where a dibasic KK
was not observed to be cleaved when examined by ESI—-MS.
As lysine is a strong predictor of cleavage in the Aplysia dataset,
this site was predicted to be cleaved. In general, Model 1 tends
to predict on the conservative side, rarely suggesting cleavage
where it does not occur.

The rules compiled by previous studies have been successful
at predicting prohormone processing into peptides.?¢52 In
general, our rules agree with previous prediction rules. Devi
noted that aliphatic amino acids in the —2 position and bulky
aromatic residues in the +1 position are detrimental to
cleavage. In addition, small amino acids were found to assist
cleavage when present in the +1 position. Our results agree
with these rules, although our models include methods to take
into account the presence of both positive and negative factors.

One of the main advantages of these statistical analyses is
that the results are quantitative. As described earlier, the
predictions of binary logistic regression models are based on
comparisons of probability values for a specific set of predictors
against a threshold value. Using the logit function (Figure 2),
the Model’s Constant Value, and the Coefficients (coef.) for
each of the individual predictors, a probability can be calcu-
lated for every combination of predictors. This value can be
compared against the threshold probability value, 0.50 or 50%,
to determine the likelihood of cleavage for any combination
of predictors. This enables new prohormones to be tested using
either model to determine the most likely basic site cleavages.
A sample calculation is shown in Figure 3.

With the completion of the mosquito genome in October of
2002, predictions for putative neuropeptides were made,>
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although no experimental data exists at this time to determine
the accuracy of their predictions. To compare our statistical
models against these predictions, some of the same sequences
were analyzed, representing 221 basic sites (Supporting Tables
2 and 3). Riehle’s predictions were more similar to those
predictions made with the simpler model, Model 2. Using
Model 2, 186 predictions matched those of Riehle and co-
workers while with the more complex model, Model 1, 183
predictions were identical. In both cases, the predictions made
with the statistical models presented here appear to be more
conservative than those made by Riehle: there were more cases
of basic sites predicted to be cleavage sites than with our
models. Some of the differences observed with the predictions
may be due to our ability to evaluate between conflicting factors
in a sequence. At this time, actual information on the peptides
in mosquitoes is lacking, but as this information becomes
available, it will be interesting to determine which of the
disparate predictions are correct.

Multiple trends that affect basic site cleavage patterns are
presented in this report. Differential cleavage sites provide an
elegant mechanism by which multiple bioactive products can
be derived from a single source.?® While this pluralism allows
for rich diversity, it complicates the process of making predic-
tions from novel sequences. Only through detailed observations
and techniques such as statistical modeling can we accurately
describe prohormone processing. Perhaps most surprising is
that such cleavage trends can be modeled with high predictive
success without examination of additional factors such as
secondary structure and the large number of enzymes that are
responsible for the prohormone processing.

As the endoproteases responsible for the cleavage patterns
are highly conserved across phyla, predictions of this nature
are applicable to a wide range of organisms. This information
will also aid in understanding enzyme function and, by
determining the organisms and tissues for which these models
do not work well, may point to cells that contain unknown
processing enzymes. With the rapidly expanding array of
completed genomes, accurate algorithms capable of predicting
final bioactive products are a key step in the advancement of
proteomics.
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