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Abstract

Recent research in predicting protein secondary structure populations (SSP) based on Nuclear Magnetic Resonance
(NMR) chemical shifts has helped quantitatively characterise the structural conformational properties of intrinsically
disordered proteins and regions (IDP/IDR). Different from protein secondary structure (SS) prediction, the SSP pre-
diction assumes a dynamic assignment of secondary structures that seem correlate with disordered states. In this
study, we designed a single-task deep learning framework to predict IDP/IDR and SSP respectively; and multitask
deep learning frameworks to allow quantitative predictions of IDP/IDR evidenced by the simultaneously predicted
SSP. According to independent test results, single-task deep learning models improve the prediction performance of
shallow models for SSP and IDP/IDR. Also, the prediction performance was further improved for IDP/IDR prediction
when SSP prediction was simultaneously predicted in multitask models. With p53 as a use case, we demonstrate how
predicted SSP is used to explain the IDP/IDR predictions for each functional region.

Introduction

According to the sequence-structure-function paradigm1, protein function has been closely associated with a unique,
well-defined three-dimensional structure. However, it is eluded by the discovery of intrinsically disordered proteins
and regions (IDP/IDR). It is experimentally difficult to characterize IDP/IDR since they do not show stable electron
densities in crystal structure analysis2. Various computational methods have been developed to predict IDP/IDR di-
rectly from amino acid (AA) sequences3–6. Among these methods, the δ2D method7 and the s2D methods8 took a
different perspective, characterising IDP/IDR in terms of their protein secondary structure populations (SSP) calcu-
lated from NMR chemical shifts. The former calculates the SSP directly from the six chemical shifts obtained from
NMR experiments; while the latter trained a machine learning model to automatically predict SSP from amino acid se-
quences, which is further used to characterise IDP/IDR. Several other works also explore the relation between protein
structure and NMR chemical shifts9–11.

Given the close correlation between SSP and IDP/IDR, we propose to predict the two properties directly from amino
acid sequences using multitask learning. We first designed a single-task deep learning framework for predicting SSP
and IDP/IDR, respectively, which are referred to as DEEPS2P-P and DEEPS2P-D. With DEEPS2P-P, we charac-
terised the secondary structure populations of ordered and disordered proteins and regions, from which we observed
the quantitative correlation between protein SSP and IDP/IDR. Based on this observation, we then designed the multi-
task frameworks for predicting SSP and IDP/IDR simultaneously, with hard parameter sharing and cross-stitch-based
soft parameter sharing; namely, MULTITASK-D and CROSS-STITCH-D, respectively.

The contribution of this paper is summarised as follows. Firstly, it achieved the state-of-the-art performance for SSP
prediction. Note that SSP prediction is different from protein secondary structure (SS) prediction because SSP models
are trained based on the population labels ranging from 0 to 1, while SS prediction models, either generating binary
outputs or probabilistic results, are trained on certain SS assignments represented as binary values. Secondly, it takes
the δ2D/s2D methods one step further to IDP/IDR prediction, filling the gap between IDP/IDR characterisation and
IDP/IDR prediction. A detailed comparison between the δ2D/s2D methods and our methods is demonstrated in Fig
1. Finally, for the first time, it automatically generates the quantitative correlation between two protein structural
prediction tasks, e.g. SSP prediction and IDP/IDR prediction in this paper. This feature of CROSS-STITCH-D can be
extended to the exploration of the quantitative correlation between any other pair of protein structural properties.
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Figure 1: Relation with the δ2D method and the s2D method.

Materials and methods
Datasets

Protein SSP prediction. The training dataset for SSP prediction was obtained from the s2D method8. It contains
2,671 proteins with 362,702 residues, among which 2,223 proteins were obtained from the BMRB database12 and the
remaining 448 proteins were obtained from the PDB database13 in form of X-ray structures. For independent tests,
we constructed a novel benchmark dataset, namely BMR2018, from the 12,018 entries of the latest BMRB database
(downloaded in March 2018). The following filtering procedure was applied. Firstly, we kept entries that have the
same experimental conditions described in the s2D method, i.e. with pH between 5.5 and 8 and with temperature
between 10 and 42 C. Secondly, we only kept the entries that have the sample type labelled as ‘solution’ and removed
any entry with amino acid ‘X’. Thirdly, we extracted the annotated values for the six backbone chemical shifts, e.g.
CA, CB, CO(C), N, HA, and HN, and removed entries that are lack of at least one of the six backbone chemical shifts.
Finally, we removed entries that appear in the s2D training dataset. To obtain the SSP annotation for each entry, we
used the δ2D method to generate the populations for helix, strands and coils from the extracted chemical shifts. Since
PSI-BLAST failed to find a matching hit for 1,009 of the 2,293 entries, we end up with a dataset of 1,284 BMR entries.
The resulting BMR2018 dataset represents the first independent test benchmark dataset for protein SSP prediction.

IDP/IDR prediction. The training dataset for IDP/IDR prediction was downloaded from the web server of SPINE-
D14. We performed 10-fold cross validation over the 4,229 proteins. For independent tests, we used the 117 targets in
the CASP9 benchmark15 and the 94 targets in the CASP10 banchmark16.

Feature calculation. For both SSP and IDP/IDR prediction, we calculated the position-specific scoring matrix
(PSSM)17 for each residue as the only source of information for prediction. Combined with the position and residue
type, the feature vector of each residue is composed of 23 real values, where the first value represents the position of
the residue in the protein sequence, the second value indicates the residue type ranging from -10.0 to 10.0, and the
remaining 21 values from the PSSM.

Deep learning framework for single tasks

The single-task frameworks for predicting SSP and IDP/IDR are essentially the same except for the different numbers
of units in the output layer and the use of different activation and loss functions. We refer to the general single-
task framework as DEEPS2P. It is designed based on the deep convolutional neural network (DCNN)18, a deep
feed-forward neural network where individual neurons in hidden layers are only connected with a restricted set of
neighbouring neurons in the previous layer.
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The DEEPS2P framework uses DCNN to sequentially label amino acid sequences, e.g. assigning a categorical or
numeric value for each residue in the amino acid sequence. Similar to any DCNN-based models, the DEEPS2P
framework is composed of an input layer, convolutional layers (with max-pooling layers), fully-connected layers and
an output layer. With convolutional layers and fully-connected layers designed the same with those in generic DCNN
architectures, the input layer and the output layer are designed specifically for protein sequence modelling, which are
described as follows,

• The input layer I: We used a sliding window of size L to extract the neighbouring residues of the target residue
rt (where t represents the position of the residue in the sequence). Therefore, the feature vectors of the sequence
segment rt−w. . . rt. . . rt+w of size L = 2 ∗ w + 1 were combined together to form an input vector vI of size
L×23, where 23 is the number of real values in the constructed feature vector. Correspondingly, the input layer
was designed to have L× 23 neurons distributed in two dimensions.

• The output layer O: For protein SSP prediction, this layer used three real-valued neurons representing the
populations of secondary structure elements: Helix (H), Strands (E) and Coil (C), with values ranging from 0 to
1. The outputs of H, E and C neurons were restricted so that they sum to 1. Accordingly, the sigmoid function
was used as the activation function and the mean squared error (MSE) as the loss function. For IDP/IDR
prediction, two binary neurons indicating the ordered/disordered states were added in the output layer. The
cross entropy (CE) was used as the loss function and the softmax function as the activation function.

The hard-parameter-sharing multitask deep learning framework

Based on the observation of the correlation between protein SSP and IDP/IDR8, we propose to combine the prediction
of these two into one multitask framework. Reviewing the design of DEEPS2P-P and DEEPS2P-D, the architectures
of their input layers and convolutional layers are very much the same. Therefore, it is straightforward to hard share
the weights in convolutional layers and split full-connected layers and output layers for task-specific weights.

Alternatively training was performed. Specifically, we trained the model with mini-batches acquired from the δ2D
dataset and the SPINE-D dataset in an alternate manner. For each mini-batch, only one loss function from MSE and
CE was used to optimise the model. As a result, the shared parameters in convolutional layers were updated in each
mini-batch, while the task-specific weights were only updated in alternate mini-batches for respective tasks.

The cross-stitch multitask deep learning framework

To automatically learn the quantitative correlation between SSP and IDP/IDR, we further explore the application of the
cross-stitch architecture19, a soft-parameter-sharing model where both tasks have their own neural network models.
Between corresponding layers in the two models, a cross-stitch unit is added to linearly combine the outputs of the
two hidden layers, producing inputs for their next hidden layers respectively. Here, hidden layers refers to both
convolutional layers and fully-connected layers in DCNN and a layer-specific cross-stitch unit is added on top of each
hidden layer. Fig. 2 (a) illustrates the change from hard-parameter-sharing to full soft-parameter-sharing while (b)
demonstrates the architecture of the cross-stitch units.

According to Fig 2 (b), the cross-stitch unit between task A and task B for layer hi (where i indicate the i-th hidden
layer) is composed of a matrix (formula (1)), indicating the linear relation between the contribution of the outputs OA

hi

and OB
hi

for the next layers hi+1. As a result, the inputs for layer hi+1 for task A and task B, e.g. IAhi+1
and IBhi+1

, can
be respectively represented as shown in formula (2) and (3). We added a layer-specific cross-stitch unit Mi after each
hidden layer and the fully-connected layer, yielding four cross-stitch units altogether.

Mi =

[
α
(i)
AA α

(i)
AB

α
(i)
BA α

(i)
BB

]
(1)

IAhi+1
= α

(i)
AA ∗OA

hi
+ α

(i)
BA ∗OB

hi
(2)
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Figure 2: Framework for a cross-stitch multitask deep convolutional neural network.

IBhi+1
= α

(i)
AB ∗OA

hi
+ α

(i)
BB ∗OB

hi
(3)

Results
Results for SSP prediction

In this section, we compare our proposed model DeepS2P-P to s2D and Linear Regression (LR) in SSP prediction.
The performance for SSP prediction was evaluated using three measures including the Pearson correlation coefficient
(R) (, the higher the better), the mean squared error (MSE) and the mean absolute error (MAE) (, the lower the better)8.
Characterising IDP/IDR using predicted SSP provided a new avenue for quantitatively analysing IDP/IDR8. Among
the three compared models, linear regression (LR) is a generic linear model for capturing the relationship between
a scalar-dependent variable and one or more relevant variables. In contrast, the s2D method represents non-linear
shallow models and the DEEPS2P-P method represents non-linear deep learning models. A comparison of the three
approaches illustrates how increasing model complexity benefits the prediction performance.

Table 1: SSP prediction results using LR, s2D and DEEPS2P-P on the δ2D validation set.

LR S2D DEEPS2P-P
Helix Strands Coil Helix Strands Coil Helix Strands Coil

R 33.7/5.2 37.9/4.7 43.1/4.7 81.7/1.4 77.0/3.9 71.0/3.9 85.2/0.8 80.6/1.4 74.2/2.7
MSE 10.7/0.6 5.1/0.4 6.7/0.4 3.8/0.4 2.4/0.2 4.1/0.2 3.2/0.4 2.2/0.2 3.6/0.2
MAE 27.8/0.8 19.0/0.8 21.8/0.9 14.0/0.8 11.3/0.6 15.8/0.6 11.9/0.8 10.1/0.8 14.3/0.6

Table 1 shows their respective average performance(%)/the confidence intervals(%) for predicting the population of
Helix (H), Strand (E) and Coil (C) on the s2D validation set, with a significance level of 5%. According to these
results, DEEPS2P-P improved the Pearson correlation coefficient for helix, strands and coils by 3.5, 3.6 and 3.2 points,
respectively, compared to s2D predictions. The LR model performed significantly worse than the other two methods,
indicating that non-linear models are more suited for modelling SSP prediction. Similar trends were observed for
MSE and MAE, where the DEEPS2P-P method achieved the lowest scores for these two measures among the three
methods.

To validate the performance of DEEPS2P-P and the s2D method, we conducted an independent test by further applying
DEEPS2P-P and the s2D method to the constructed benchmark dataset BMR2018. Table 2 shows the prediction
performance(%) of DEEPS2P-P and the s2D method for protein SSP prediction on BMR2018.

According to the results shown above, DEEPS2P-P has improved the respective Pearson’s coefficient of correlations
by 3.4, 3.5, and 2.2 points for helix, strand and coil populations compared to those achieved by the s2D method. Corre-
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Table 2: Performance of the DEEPS2P-P and the s2D method on the independent benchmark BMR2018.

S2D DEEPS2P-P
Helix Strands Coils Helix Strands Coils

R 79.8 76.1 63.0 83.2 79.6 65.2
MSE 4.7 3.3 4.9 4.0 2.9 4.8
MAE 15.3 13.2 17.5 12.9 11.9 17.1

spondingly, DEEPS2P-P decreased the MSE and MAE for helix, strand and coil populations as well. Its performance
represents the current state-of-the-art performance for this task.

IDR/IDP independent test evaluations

For IDP/IDR prediction, the performance of the proposed DEEPS2P-D, MULTITASK-D and CROSS-STITCH-D meth-
ods in terms of true positive (TP), false positive (FP), true negative (TN), false negative (FN), balanced accuracy
(BACC), Matthew’s correlation coefficient (MCC) and the area under the ROC curve (AUC) were evaluated on the
CASP9 and CASP1020 targets. Performance was compared to benchmark model that includes four models with the
best performance in CASP9, including PRDOS221, DISOPRED3C22, MultiCom6 and SPINE-D14, and the four models
with the best performance in CASP10, including PRDOS-CNF21, DISOPRED35, Biomine-dr-mixed and Bio-mine-dr-
pdb-c23. In addition, two recent deep learning models, e.g. DEEPCNF-D6 and AUCPRED24, were included in the
evaluation.

Table 3: Performance comparison for IDP/IDR prediction in independent test evaluations.

TP FP TN FN BACC MCC AUC
CASP9 (117 targets)

PRDOS215 1,468 2,340 21,318 949 75.4 41.8 85.5
DISOPRED3C15 839 180 23,478 1,578 67.0 50.8 85.4
MultiCom15 953 934 21,695 1,310 69.0 41.3 85.3
SPINE-D15 1,399 2,774 20,884 1,018 73.1 36.5 83.2
DEEPCNF-D6 - - - - 75.2 48.6 85.5
AUCPRED * 1,010 538 23,118 1,417 69.7 48.4 85.0
DEEPS2P-D 796 202 23,456 1,621 66.0 48.5 85.8
CROSS-STITCH-D 883 248 23,410 1,534 67.7 50.5 86.0
MULTITASK-D 905 244 23,414 1,512 68.2 51.4 86.7

CASP10 (94 targets)
PRDOS-CNF16 657 287 22,401 845 71.2 52.9 90.7
DISOPRED316 607 201 22,487 895 69.8 53.1 89.7
Biomine-dr-mixed16 628 368 22,320 874 70.1 48.8 89.0
Biomine-dr-pdb-c16 579 290 22,398 923 68.6 48.3 88.6
DEEPCNF-D6 - - - - 76.4 47.4 89.8
AUCPRED * 673 485 22,203 829 71.3 48.2 88.0
DEEPS2P-D 561 171 22,517 941 68.3 51.6 89.5
CROSS-STITCH-D 613 179 22,509 889 70.0 54.3 89.8
MULTITASK-D 603 178 22,510 899 69.7 53.7 90.2

According to the evaluation on CASP9 in Table 3, DEEPS2P-D improved the AUC score by 0.3 points compared
to PRDOS2 and DEEPCNF-D. CROSS-STITCH-D and MULTITASK-D further improved the AUC score by 0.5 and
1.2 points respectively. In terms of BACC, PRDOS2 still performed best among all models with a score of 75.4. In
comparison, the three models introduced in this study achieved BACC scores of 66.0, 67.7 and 68.2, respectively. As
for MCC, MULTITASK-D and CROSS-STITCH-D achieved the best and second-best performance, improving the MCC
score by 1.9 and 2.8 points, respectively, as compared to the MCC score of the DEEPCNF-D model. According to the
prediction statistics based on TP, FP, TN and FN, PRDOS2 achieved the best sensitivity by correctly predicting 1,468
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of 2,417 positive examples, while DISOPRED3C achieved the best precision by correctly predicting 839 of 1,019
positive examples. In comparison, the performance of CROSS-STITCH-D and MULTITASK-D are located some-where
in between, with a tendency to make more positive but cautious predictions. Specifically, they correctly predicted
more positive examples than DISOPRED3C, and obtained a FP to TP ratio below 1:3.

When applied to CASP10 proteins, the prediction performance of most models improved, keeping the FP to TP ratio
under 1:2. Among all methods, CROSS-STITCH-D and MULTITASK-D performed second and thirst best in term of
AUC with scores of 89.8 and 90.2, and the best and second best MCC, with scores of 54.3 and 53.7, respectively.
PRDOS-CNF achieved the best AUC score of 90.7 and DEEPCNF-D achieved the best BACC with a score of 76.4.
In summary, when applied to CASP10 proteins, generative models such as PRDOS-CNF and deep learning models
including DEEPCNF-D, CROSS-STITCH-D and MULTITASK-D achieved a superior performance compared to the
other models.

Correlation between SSP and IDP/IDR prediction

Besides simultaneously predicting IDP/IDR and SSP, the CROSS-STITCH-D model also automatically learned the
linear correlation between each of the corresponding layers for the two tasks. The cross-stitch units M in Fig. 2
and formula (1) were populated with real-valued correlations during the learning process, which are normalised and
illustrated as a heapmap in Fig. 3, where darker blue indicates stronger dependence. The heatmap in Fig. 3 is
divided into four areas: cross stitch unit(AA), cross stitch unit(BA), cross stitch unit(AB) and cross stitch unit(BB),
corresponding respectively to values of αAA, αBA, αAB and αBB in cross-stitch units. Here, task A represents
IDP/IDR prediction and task B represents SSP prediction.

Figure 3: Cross stitch units indicating a linear correlation between IDP/IDR prediction (task A) and secondary struc-
ture population prediction (task B).

According to the correlation heatmap, αAA and αBB are darker than αBA and αAB , with maximum weights achieved
at layer conv2, indicating that both tasks rely mainly on the outputs of its own previous layer. According to weights
in αAB , SSP prediction has the most support from IDP/IDR prediction at layer conv1, showing that features extracted
for short chains in IDP/IDR prediction can also be reused in SSP prediction. In comparison, the maximum weights
in αBA was achieved at layer conv3, indicating that features for longer chains in SSP prediction is better reused in
IDP/IDR prediction.

Discussion

To demonstrate how to explain IDP/IDR prediction using the simultaneously predicted SSP, we plotted the predicted
results of DEEPS2P-D, MULTITASK-D, S2D8, PSIPRED25, PRDOS221 and DISOPRED35 for target T0520 from
CASP9 in Fig. 4.

Fig. 4 (a) shows the prediction results from DEEPS2P-D and MULTITASK-D, and IDR labels in CASP9 are indi-
cated as ‘D’ on the top axis. Both DEEPS2P-D and MULTITASK-D predicted the first short IDR (residues 1-2) with
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one false positive prediction at residue 3 and failed to predict the second short IDR (residues 23-26). The third long
IDR (residues 174-189) was predicted by MULTITASK-D with full accuracy, while DEEPS2P-D predicted only 12
of the 16 disordered residues. This difference can be evidenced by the additional support obtained from the simul-
taneously predicted higher coil populations for residues 172-189 (indicated by ‘grey’ bars), which is only available
in the MULTITASK-D model. This, altogether, shows the benefits of using a multitask frame-work over a single-task
framework.

Figure 4: Prediction results for target T0520 in CASP9 by DEEPS2P-D, MULTITASK-D, PSIPRED, DISOPRED,
PRDOS2 and s2D.

In Fig. 4 (b), results from multiple other methods are plotted, including the secondary structure predicted by PSIPRED25

(indicated as ‘H’, ‘E’ and ‘C’ on the top axis), the IDR predicted by DISOPRED3 and PRDOS2 (indicated by respect
‘red’ and ‘black’ lines) and the SSP predicted by the s2D method (with H, E and C populations indicated by ‘blue’,
‘green’ and ‘grey’ bars respectively). The SSP prediction results of S2D, MULTITASK-D and PSIPRED generally
agree with each other. In IDP/IDR prediction, DISOPRED3 missed the first short IDR and the first two residues in the
third long IDR while PRDOS2 missed the first three residues in the third long IDR.

Figure 5: Prediction results for p53 by DEEPS2P-D and MULTITASK-D.

We further applied DEEPS2P-D and MULTITASK-D to protein p53 from the DisProt 7.0 database26, demonstrating,
how simultaneously predicted SSP can be used to qualitatively explain the predicted IDP/IDR states. The prediction
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results are plotted in Fig. 5.

The p53 protein is composed of three functional regions, including the N-terminal region, the core DNA-binding
region and the C-terminal region27. The N-terminal region is further divided into a transaction-activation domain
(TAD, residues 1-63) and a proline-rich area (residues 64-93)27. The C-terminal region is further divided into a
tetramerization domain (residues 320–356) and a regulatory domain (residues 363–393)28. MULTITASK-D predicted
four disordered regions, where region 1 (residues 1-15) and region 2 (residues 56-92) are located in the N-terminal
region, and region 3 (residues 287-322) and region 4 (residues 359-393) in the C-terminal region.

According to27, a) the whole N-terminal region p53(1-93) is disordered and b) residues 21-25 form a residual α-
helical segment, which is consistent with the known propensity of residues 18-25 to form an α-helix when binding to
MDM229. The first two predicted IDR by MULTITASK-D do not cover the whole N-terminal region, but the predicted
SSP in the gap region 18-23 reveals a larger helix population, which is consistent with b). According to the correlation
between IDP/IDR and SSP, a higher helix population may explain the predicted structure states in this region.

Another observation in the N-terminal region is that the second IDR (residues 56-92) predicted by MULTITASK-D
corresponds to the proline-rich domain (residue 64-93). According to30, no significant chemical shifts were observed
in this proline-rich domain, but resonances undergoing significant chemical shift changes were observed in the segment
(residues 18-57), which corresponds to the structured region (residues 16-55) that was predicted by MULTITASK-
D. These corresponding regions suggest that segments with significant chemical shift changes are less likely to be
predicted as an IDR, which in turn explains the predicted structure states in residues 16-55.

The third predicted IDR (residue 287-322) was validated by the crystal structure of the core domain of p53 intro-
duced in31. According to this crystal structure of p53, residues 278-289 form a α-helix segment H2 for which the
MULTITASK-D model predicted an increase of helix population from 0.137 to 0.668 followed by a decrease to 0.471.
With the decrease of helix population and the increase of the coil population, the H2 segment ends and, according to31,
residues up to Thr-312 are disordered. This disordered region, ranging from the end of H2 at residue 289 to residue
Thr-312, overlaps with the third predicted IDR (residues 287-322).

Finally, the whole C-terminal region of p53 was annotated as a disordered region in DisProt 7.0. However, the
MULTITASK-D model predicted the regulatory domain (residues 363–393) to be disordered and the tetramerization
domain (residues 320-356) to be populated with strands and helixes. This observation is consistent with the results
in27, showing that the tetramerization domain of p53 adopts a well-defined conformation and is a folded domain. Our
predictions validated these results.

Conclusion

In this study, we simultaneously predicted IDP/IDR and SSP by exploring the mutual correlation between these two
tasks, using multitask deep learning neural networks. The cross-validation and independent test results demonstrate
that the deep learning model DEEPS2P-P out-performs the s2D method for predicting protein SSP and that the rep-
resentations learned for SSP and IDP/IDR prediction are mutually supportive. With the multitask framework, it is
possible to explain the IDP/IDR predictions for proteins such as p53 using the simultaneously predicted SSP.

Despite the improved performance in both IDP/IDR and SSP prediction using multitask deep learning frameworks,
the frameworks presented here can be extended in several ways. First, additional protein features can be incorporated
to improve the prediction performance. Other features that have been proved useful for IDP/IDR prediction include
physicochemical properties, structural features, and evolution-based features. Second, the multitask framework can
be modified to automatically learn non-linear correlations among multiple tasks. The current cross-stitch framework
only explores the linear relations, which is a relatively naive assumption of the correlation among different protein
sequence-based predictions. Third, other related tasks can be added to the multitask framework, including protein-ATP
site prediction, protein-nucleotide binding residue prediction, phosphorylation site prediction, contact map prediction,
and protein fold pattern.
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