Predicting Disordered Regions from Amino Acid
Sequence: Common Themes Despite Differing
Structural Characterization
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Abstract

Using ordered and disordered regions identified either by X-ray crystallography or by NMR
spectroscopy, we trained neural networks to predict order and disorder from amino acid sequence.
Although the NMR-based predictor initially appeared to be much better than the one based on the
X-ray data, both predictors yielded similar overall accuracies when tested on each other’s training
sets, and indicated similar regions of disorder upon each sequence. The predictors trained with
X-ray data showed similar results for a 5-cross validation experiment and for the out-of-sample
predictions on the NMR characterized data. In contrast, the predictor trained with NMR data
gave substantially worse accuracies on the out-of-sample X-ray data as compared to the accuracies
displayed by the 5-cross validation during the network training. Overall, the results from the two
predictors suggest that disordered regions comprise a sequence-dependant category distinct from
that of ordered protein structure.

1 Introduction

Many regions of proteins and some whole proteins form ensembles of structures under native conditions,
in essence lacking a fixed tertiary structure within a given functional domain. Such “disordered”
(or “unfolded”) proteins have been identified by several methods: 1. sensitivity to proteases; 2.
missing electron density in structure determinations by X-ray diffraction; 3. NMR spectroscopy;
and 4. CD spectroscopy coupled with other methods such as rapid protease digestion, gel exclusion
chromatography, or survival of function following incubation at high temperatures.

Disordered regions characterized by the methods described above are often essential for function.
Such regions have therefore been called ‘natively unfolded’ [51], or ‘natively disordered’ [20]. ‘Unfolded’
implies that the region of protein exists in an extended, flexible (random-coil-like) form, whereas
‘disordered’ includes not only these extended forms but in addition can also imply a collapsed, partially
folded with secondary structure, but non-rigid (molten-globule-like) form. The disordered ensemble
of structures can involve equilibria between random-coil-like and molten-globule-like forms.

Since amino acid sequence determines protein structure [2], we proposed that amino acid sequence
should determine lack of tertiary structure or disorder as well [43]. To test this hypothesis, we identified
disordered sequences from missing coordinates in Protein Data Bank (PDB) files and then developed
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and tested a collection of neural network predictors of order and disorder [44, 43, 45]. Following our
initial studies on disordered regions of various lengths, our focus turned to long disordered regions
(LDRs), where long is somewhat arbitrarily defined as > 40 contiguous amino [45]. Such long dis-
ordered regions have lower false positive error rates and are unlikely to be completely missed, even
for a modestly accurate predictor. The first generation neural network predictor (NNP) of such long
regions, called the LDR NNP but herein renamed the X-RAY NNP, was shown to predict order and
disorder on a residue-by-residue basis with 73% accuracy as estimated by 5-cross validation. The
false positive error rate for contiguous predictions of 40 or longer was found to be less than 7% on a
sequence basis [43], which corresponds to less than 1 false positive prediction of disorder equal to or
longer than 40 for every 1,000 amino acids [45].

Missing electron density in an X-ray-solved protein structure can result from experimental limita-
tions or can be the result of structural disorder. Structural disorder can be static or dynamic [7, 25],
which considerably weakens confidence in predictions based on this data. Thus, it would be useful to
obtain data from other methods or at least to use X-ray data verified by other methods.

Several proteins with disordered regions have been characterized by NMR spectroscopy. Since this
method does not suffer from an uncertainty regarding the type of disorder, application of our X-RAY
NNP to several LDRs characterized by NMR, provides a means to stringently test the validity of our
predictor. Also, further validation of the X-RAY NNP training proteins could be accomplished by
testing them with a predictor trained on NMR-characterized proteins, so a second predictor, herein
called the NMR NNP, was developed. The two neural networks were then tested upon each other’s
training sets. Although the accuracies of the two predictors upon each other’s set of disordered regions
showed large variations, further study suggests that the variable accuracies are the result of different
types of disordered regions. Overall, the results presented herein suggest that disordered or unfolded
regions of sequence form a distinct category compared to ordered or folded regions of sequence.

2 Materials and Methods

2.1 The Proteins

In our previous work [43] disordered regions were identified from Protein Data Bank (PDB) [1] files as
amino acids that were missing from the set of atomic coordinates. That is, disorder leads to incoherent
X-ray scattering and subsequent absence of electron density in the solved structure [7, 30, 47]. These
proteins containing X-ray-characterized regions of disorder, their PDB filenames, and their Swiss Pro-
tein [6] identifications (SW IDs), respectively were; 1. Tomato Busy Stunt Virus, 2tbv, COAT_TBSVB,
2. Tyrosyl tRNA synthetase, 2tsl, SYY_BACST, 3. Calcineurin, laui, P2BA_HUMAN, 4. Topoiso-
merase 11, 1bgw, TOP2_YEAST, 5. Elongation factor G, lelo, EFG_.THETH, 6. Apoptosis regulator
BCL-XI, 1bcl, BCPA_PROAE, 7. Intact lactose operon repressor, 1lbh, LACI_.ECOLI. The total
number of disordered amino acids in this database is 449 aa.

NMR proteins with identified regions of disorder were identified by tedious literature searches.
Several different NMR, parameters identify regions of disorder [41, 54, 19, 55]. The proteins and their
SW (or PIR) IDs were 1. 4e binding protein 1, s50866 (PIR), 2. Murine Prion, PRIO_MOUSE, 3.
Histone H5, H5_CHICK, 4. Flagellum specific sigma factor (FlgM), FLGM_SALTY 5. Antitermina-
tion protein of bacteriophage A (AT), REGN_.LAMBD, 6. N term activator domain of Heat Shock
Transcription Factor (HSTF), HSF_KLULA, 7.High Mobility Group-I (HMG-I), HMGI_ HUMAN. The
total number of disordered regions in this database is 677 aa.

In addition, we collected a similar number of structured control proteins. These proteins were
selected to be of similar overall size as the X-ray and NMR proteins, to be monomeric, and to be
without cofactors. These proteins, their PDB filenames and their SW Ids were, respectively; 1. Hen
egg-white lysozyme; lhel, LYC_CHICK, 2. Ribonuclease A (Rnase A), 3rn3, RNP_BOVIN, 3. (-
cryptogein (B-cryp), 2ctb, CBPA_BOVIN, 4. Elastase, 1llvy, EL1_PIG, 5. Profilin A (Pfln A), lacf,
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PRO1_ACACA, 6. Haloalkane Dehalogenase (HDHase), 2edc, HALO_XANAU, 7. Azurin II (Az II),
larn, AZU2_ALCXX, and 8. Carboxypepitidase A (CbPA), 2ctb, ELIB_.PHYCR.

2.2 Feature Selection

We use the term ‘attribute’ to mean a value calculated over a specifies window and the term ‘feature’
for those attributes that are subsequently used to train the neural networks. Sequence attributes are
numerical values calculated from an amino acid sequence over a specified window [4]. For these studies,
24 attributes provided the initial pool, the first 20 of which are the compositions of the 20 amino acids
within the specified sequence windows. The last 4 are hydropathy [33], flexibility index [50], helix
amphipathic moment [21] and sheet amphipathic moment [22].

The NMR and X-ray disordered datasets were each matched with an equal number of ordered
amino acids taken from the NRL_3 [40], which is a subset of PDB containing only ordered structures.
A feed-forward search with minimal error probability selection criterion was used on the balanced
ordered and disordered NMR and X-ray datasets [43]. A quadratic Gaussian classifier using different
covariance matrices for each class was used to calculate the minimal error probability during each
of the searches. Experimentation with other dimensionality reduction methods, such as sequential
backward search and branch-and-bound, yielded results quite similar to those presented here. Ten
features were selected from the original pool of 24 attributes.

2.3 Neural Network Training

Several possible neural network architectures were investigated in the initial phase of these studies. A
simple network with 10 inputs, 7 fully connected nodes in a single hidden layer, and one output was
selected as being commensurate with the dataset size and as giving good results [43].

The X-ray and NMR disordered datasets, with their number-balanced datasets of ordered se-
quences, were scrambled in order to separate values from adjacent sequence positions, and then di-
vided into 5 disjoint subsets by random selection. Experimentation indicated that similar prediction
accuracies were achieved during training whether or not scrambling was used, but scrambling may
serve to improve predictions for completely unrelated proteins.

For each training cycle, 4/5 of the data comprised the training set and 1/5 the test set. The
training set was further separated into a proper training set (80%) and a validation set (20%). Three
initializations were used and the number of epochs for each training was chosen as that which produced
the highest accuracy on the validation set. Once training was investigated by 5-cross validation, the
data were recombined and training was repeated using 5/5 of the data.

3 Results

3.1 Selected Features

The ten features selected on the basis of distinguishing order and disorder for the NMR and X-ray
datasets are shown in Table 1. Six of the ten features were the same for both datasets: flexibility
index, hydropathy, and mole fractions of Y, W, C, and S. These data indicate that the NMR-and-X-
ray-characterized regions of disorder share important characteristics.

With regard to the selected features that were different for the two datasets, the compositions of H,
D, K, and E distinguished ordered and disorder for the X-ray dataset, whereas the compositions of F,
G, R, and P were useful for the NMR dataset. Thus, the features selected for the NMR-characterized
regions of disorder show important differences from those selected for the X-ray-characterized regions
of disorder.
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X-RAY | H|D | K|E|S|C|W]|Y | Hydropathy | Flexibility
NMR F|G|R|P|S|C|W]|Y | Hydropathy | Flexibility

Table 1: Selected features.

X-RAY NNP | NMR NNP
70% 86%
7% 84%
7% 89%
2% 86%
70% 89%

Average Average
3% £ 2% | 87% + 4%

Table 2: Five Cross Validation Results.

3.2 Five Cross Validation

The evaluation of the training of the X-RAY NNP was described previously [43]. Here those data are
compared with the results of a similar training exercise for the NMR NNP (Table 2.). Overall, the
NMR NNP gives a significantly higher accuracy compared to the X-RAY NNP during the training
exercises, e.g. 87%+ 4% compared to 73%+2%.

3.3 Example Predictions

Example predictions are shown in Fig. 1. The X axis is the residue number while the Y axis is the
prediction output. Anything above an output of 0.5 is considered a prediction of disorder. The solid
horizontal line at the center of the graph indicates what regions are actually disordered. Fig. 1A
and Fi. 1B are predictions on disordered proteins, while 1C and 1D are predictions upon the ordered
control proteins. One of the best overall predictions (1A) and one of the worst (1B) on regions of
disorder as well as the two worst overall predictions (1C, 1D) on the control proteins are provided. In
(1A), the prion protein from the NMR dataset was subjected to analysis using both the NMR NNP
and the X-RAY NNP. Notice how the X-ray prediction accuracy is relatively similar to that of the
NMR predictor, which was trained on this protein’s data (X-RAY NNP = 88.4% correct overall; NMR
NNP = 97% correct overall). In (1B), the anti-termination (AT) protein from bacteriophage lambda
from the NMR dataset was predicted upon by both predictors. Here, the accuracy of the X-RAY
NNP (53.2%) seems very poor, but notice how its prediction is again somewhat similar to that of the
NMR, NNP, which, despite having this protein in its training set, still manages an accuracy of only
73%, much lower than that obtained on the prion protein in the previous example. Finally, in (1C)
and (1D) the predictions on the ordered control proteins, profilin A and haloalkane dehalogenase, are
presented, respectively. The false positive predictions of disorder are seen to be very short, especially
for the NMR NNP.

For long disordered regions (LDRs) such as that for the AT protein, even modestly successful
prediction rates (e.g. just 53.2% for the X-RAY NNP) still give an indication of protein disorder. For
this reason, we are initially focussing our attention on proteins with such LDRs.

Fig. 1 also indicates several types of errors. Relative to prediction of disorder, false positive
predictions are ordered regions incorrectly predicted to be disordered (peak labeled b in 1A) whereas
false negative predictions are disordered regions predicted to be ordered (region a in 1A, regions c, d,
and e in 1B and so on for 1C and 1D). Another useful classification is whether an errant prediction is
false (for example peak a in 1A) throughout (e.g. a non-boundary error, for example peak b in 1A)
or is correct over some region but then becomes false upon crossing an order/disorder junction in the
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Figure 1: Example Predictions using the X-RAY NNP and NMR NNP.—- Example predictions
using the X-RAY and NMR NNPs. Both predictors were applied to the following proteins: murine
prion (A); bacteriophage A antitermination protein (B), profilin A (C) and haloalkane dehalogenase
(D). The first two contain regions of disorder and the last two are ordered, control proteins. The
X-axis is the residue number, while the Y axis is the prediction output. Values above 0.5 indicate
disorder, below 0.5 indicate order. The solid line at 0.5 indicates an identified region of order, a dashed
line a region of disorder. Various types of errors are marked and indicated by letters a, b, ¢, etc. (see
text).

structure (e.g. a boundary error).

3.4 Prediction Accuracies

The X-RAY NNP was applied to the NMR-characterized proteins and the NMR NNP was applied
to the X-ray-characterized proteins. The results of these out-of-sample predictions are presented in
Table 3.

For the X-RAY NNP, the overall prediction accuracies range from 53.2% (AT) to 93.5% (HMGI(Y).
The large range of error rates undoubtedly relates to a variation in the degree of similarity of the
disordered regions in the different proteins to the disordered regions used to train the X-RAY NNP.
For example, unlike most of the NMR proteins, the HMGI(Y) has local charge imbalance, thus having
charge attributes commensurate with those of the X-ray training set and giving a very high overall
prediction accuracy by the X-RAY NNP.

For the NMR NNP, the overall prediction accuracies range from 55.1% (tyrosyl-tRNA synthetase)
to 94.1% (Bcl-xL). Again, the low prediction accuracy on the synthetase signals a difference in the
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X-RAY NNP on NMR-Characterized Data
Prediction of Disordered Regions (DR) from amino acid sequence

Protein Length of | Known Region Predicted Percent | False False Structural Ref.
sequence disorder predicted | DR lengths correct negative | positive | characterization

Antitermination protein of | 1-107 1-107 15-93 8,23, 11 53.2% 46.8% N/A A, B, D [36]

bacteriophage A\ (ATa)

Histone H5 (H5) 1-189 1-21, 101-185 | 15-175 17, 16, 99 68.9% 0% 63.3% A, C,D [5]

Flagellum specific sigma | 1-97 1-97 15-83 24, 37 88.4% 11.6% N/A A, D [16]

factor (FlgM)

N term activator domain | 1-195 1-195 15-195 3, 58, 14, 31, 9 63.5% 36.5% N/A A, D [14]

of Heat Shock Transcrip-
tion Factor (NAD-HSTF)
High 1-106 1-106 15-92 73 03.5% | 6.4% N/A A, C,D [31]
Mobility Group-I (HMG-I
()

4e Binding Protein 1 (de | 1-118 1-118 15-104 2, 15, 37 57.8% | 42.2% N/A A, C 126]
BP-1)
Murine Prion 1-254 23-120 15-240 73, 10 88.4% | 22.5% 78% A, D [41]

NMR NNP on X-RAY-Characterized Data
Prediction of Disordered Regions (DR) from amino acid sequence

Protein Length of | Known Region Predicted Percent | False False Structural Ref.
sequence disorder predicted | DR lengths correct negative | positive | characterization

Tomato Busy Stunt Virus [ 1-387 1-66 15-373 65, 17 73.9% 50% 17.3% B, D [29]
Ligase (tyrosyl tRNA syn- | 1-206 109-206 15-192 18, 21 55.1% 74.6% 18.9% B [11]
thetase)

Calcineurin 1-179 74-168 15-165 24 55.6% 73.6% 0% B 32]
Topoisomerase I1 1-400 225-273 15-385 9,4, 8 85.8% 83% 4% B, D 8]
Elongation factor G 1-341 50-125 14-327 39, 20, 6, 14, 14 | 75.1% 36.8% 21.1% B 23]
Apoptosis regulator BCL- | 1-196 1, 31-80 15-182 50 94.1% 11.5% 3.4% B, D, A 46]
ﬁtact lactose operon re- | 1-360 1-61 15-346 11, 10, 17, 39 69.3% 76.5 23.1 B, D, A [34]

pressor
Structural Characterization
A= NMR, B=X-ray diffraction, C= CD, D= Protease hypersensitivity.

Table 3: Cross Prediction Results.

characteristics of its disordered regions compared to those in the NMR dataset. The details of this
difference await further study. On the other hand, the disordered region in Bcl-xL must be more
similar to those in the NMR training set. It is li ely to be coincidental that the structure of Bcl-xL
has also been determined by NMR 3

pplication of the NMR and -R NN s to the control proteins was carried out. The results on

a protein-by-protein basis are shown in Table . The error rate ranges from a low of . -R
NN aloal ane ehalogenase on to a high of many proteins .

inally, the o erall prediction accuracies are summari ed in Table . The NMR and -R NN s
gi e similar o erall prediction rates near on each other s training sets. The predictions on the
fully ordered control proteins are considerably better, about for -R NN and for the

NMR NN . The high accuracy on the fully ordered proteins implies that the ordered part of our
training sets is pro iding our predictors with information that allows for better generali ation than
that achie able from our disordered data.

Our pilot studies indicated a de nite relationship between amino se uence and the presence of ordered

or disordered structure 3, , owe er, these initial studies had two, interrelated, ac nowl-
edged limitations related to their exploratory nature. irst, the number of disordered examples was
ery small, ust amino acids in the original L R set. econd, all the disordered examples were from

B, which has considerable ambiguity with regard to the characteri ation of disordered proteins.
ortunately, the signals for the tendency for disorder seem to be so strong that these two limitations
apparently ha ent led to large errors.  or in progress with a -fold larger database, now about
, disordered amino acids, yield results ery similar to those of the pilot studies manuscript in
preparation .
The small number of examples of disordered proteins in our original studies resulted from the
























