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Abstract: G protein-coupled receptors (GPCRs) play a key role in many cellular signaling 12 
mechanisms, and must select among multiple coupling possibilities in a ligand-specific manner in 13 
order to carry out a myriad of functions in diverse cellular contexts. Much has been learned about 14 
the molecular mechanisms of ligand-GPCR complexes from Molecular Dynamics (MD) simulations. 15 
However, to explore ligand-specific differences in the response of a GPCR to diverse ligands, as is 16 
required to understand ligand bias and functional selectivity, necessitates creating very large 17 
amounts of data from the needed large-scale simulations. This becomes a Big Data problem for the 18 
high dimensionality analysis of the accumulated trajectories. Here we describe a new machine 19 
learning (ML) approach to the problem that is based on transforming the analysis of GPCR function-20 
related, ligand-specific differences encoded in the MD simulation trajectories into a representation 21 
recognizable by state-of-the-art deep learning object recognition technology. We illustrate this 22 
method by applying it to recognize the pharmacological classification of ligands bound to the 5-23 
HT2A and D2 subtypes of class A GPCRs from the serotonin and dopamine families. The ML-based 24 
approach is shown to perform the classification task with high accuracy, and we identify the 25 
molecular determinants of the classifications in the context of GPCR structure and function. This 26 
study builds a framework for the efficient computational analysis of MD Big Data collected for the 27 
purpose of understanding ligand-specific GPCR activity.  28 

Keywords: Functional selectivity; Biased ligands; Molecular Dynamics; Deep Neural Networks; 29 
Sensitivity analysis; Pharmacological efficacy; 30 

 31 

1. Introduction 32 

As our perception of G Protein-Coupled Receptors (GPCRs) evolve from simple on/off switches 33 
to multistate microprocessors [1], new questions arise regarding the complexity and specificity of 34 
GPCR signaling. A major reason for seeking this deeper understanding is the quest for information 35 
in support of rational design of more efficacious and specific drugs that exert their effects by targeting 36 
GPCRs.  37 

As GPCRs are often the main drivers and regulators of signaling into the cell, they must be able 38 
to select among multiple signaling pathways based on the stimulus they receive for action. The ability 39 
of different ligands to elicit such differential signaling is commonly referred to as functional selectivity 40 
of the receptor, or biased agonism. For specific subtypes of serotonin (5-hydroxytriptamine; 5-HT) 41 
receptors, Berg and colleagues [2] demonstrated that such biased signaling occurs through ligand-42 
dependent coupling to Gq or Gi proteins. For other class A GPCRs, biased agonism involves a 43 
selection between G protein and arrestin-coupled pathways. The notion that functional selectivity 44 
results from differences in receptor conformation arising from differential ligand-receptor 45 
interactions was proposed as soon as the dynamics of ligand-receptor complexes demonstrated the 46 
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complexity of receptor activation [3-5]. Furthermore, additional structural evidence for distinct 47 
receptor conformations of angiotensin receptors activated by different ligands exhibiting functional 48 
selectivity has been reported [6]. How a given ligand influences a receptor’s conformational ensemble 49 
remained enigmatic in spite of observations of differences in some elements of the structural 50 
dynamics of receptors exhibiting functional selectivity, including the 5-HT2A receptor [7]. 51 

Molecular Dynamics (MD) has proven to be a powerful tool for understanding protein function 52 
at the molecular level [8-11], and could deliver much-needed insight into developing a theory of 53 
functional selectivity at GPCRs. Notably, however, an MD study of functional selectivity would 54 
require many trajectories of GPCR-ligand complexes from extensive sets of ligands from each 55 
functionally-selective class in order to understand this allosteric phenomenon [12]. Furthermore, 56 
previous studies by Wingler et al. [6] suggest that the differences among the various ligand-57 
dependent receptor conformations may be subtle. Thus, analyzing the MD data to gain insights into 58 
functional selectivity will require finding a low-density signal (i.e., detectable only after analyzing a 59 
lot of data) in a huge dataset, a common problem in the analysis of Big Data. Although there is no 60 
formally accepted definition of Big Data, it is generally referred to as “datasets that could not be 61 
perceived, acquired, managed, and processed by traditional [Information Technology] and 62 
software/hardware tools within a tolerable time” [13]. Concordantly, analyzing MD simulations of 63 
very large scale remains a challenge and an open area of research. As discussed by Frankel and Reid 64 
[14], finding new ways to represent and interpret Big Data may allow us to explore new questions 65 
and extract new meaning from our research. These new representations must be efficient enough to 66 
process the data in a “tolerable” amount of time, and must be able to encode the relationship between 67 
the conformational details and functional properties of the molecules being studied. 68 

The new frontier of analyzing Big Data lies in the field of machine learning (ML). Companies 69 
such as Facebook and Google, as well as academia (e.g., Massachusetts Institute of Technology), have 70 
already made great progress in this realm. For example, their algorithms excel at differentiating 71 
between highly similar objects, or identifying the same object in distinct states. Specifically, deep 72 
neural networks (DNNs) have already been shown to classify pixel representations of objects 73 
(pictures) with near-perfect accuracy[15]. The strengths of DNNs lie in their ability to find complex, 74 
non-linear patterns within data sets that may be too large and high dimensional for a human to 75 
analyze, or for which a model does not yet exist. It is reasonable, therefore, to consider the application 76 
of this class of approaches to the Big Data problem presented by the application of MD simulations 77 
to the analysis of GPCR mechanisms. 78 

The aforementioned difficulties in identifying conformational ensemble differences in GPCRs 79 
attributable to the binding of various ligands, fall into both categories: the MD trajectories are too 80 
large and high dimensional to characterize manually, and there does not exist a sufficient 81 
structure/dynamics-based model of functional selectivity in which to understand them. Therefore, in 82 
order to use MD to advance such an understanding, we set out to transform the problem of 83 
identifying functional differences encoded in different structures, as they are visited by MD 84 
trajectories, into a representation recognizable by state-of-the-art object recognition technology. Since 85 
the effect of ligand binding to a functional site is the result of allosteric mechanisms [12, 16, 17] that 86 
alter the energetic landscape of the targeted protein, this new representation must differentiate 87 
between ensembles of ligand-dependent protein conformations. In GPCRs, information about the 88 
binding of ligands in either the orthosteric or allosteric sites is transferred through the receptor along 89 
allosteric pathways to a functional site on the protein [17]. It is reasonable, therefore, that in 90 
comparing ensembles of ligand-dependent conformations, these differences may involve only a small 91 
subset of residues. Consequently, in order to understand the molecular mechanism of protein 92 
function, we must be able to identify the motifs of the protein (residues/atoms) that undergo 93 
conformational rearrangements pertaining to ligand-specific functional states. The collection of these 94 
important motifs are known as Collective Variables (CVs). The identification of these CVs within the 95 
low-density signal of large-scale data is a challenging problem, but one which object-recognition 96 
technology is designed to tackle.  97 
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 To help achieve this goal of identifying the determinant motifs for the classification of 98 
ligand-specific functional responses of the receptor, using an ML approach, we developed the 99 
algorithm described here that transforms MD trajectories into a representation readable by state-of-100 
the-art object recognition technology. This representation is fed into a pipeline that uses a Deep 101 
Neural Network (DNN) to (i)-recognize ensembles of molecular conformations and (ii)-predict 102 
ligand-determined class according to structural differences learned from training. This pipeline then 103 
probes the DNN to identify CVs that are discriminative between the functional states of the receptor 104 
determined by the molecule being studied. We show how the results of this probing are then 105 
interpreted in the context of the molecular structure of the GPCR and its dynamic properties. To 106 
illustrate the application of this analysis pipeline, we present here its application to MD simulations 107 
of ligand-GPCR complexes in two receptor families, the serotonin receptor subtype 2A (5-HT2AR) and 108 
the dopamine receptor subtype D2 (D2R) bound to full, partial, and inverse agonists – a well--109 
characterized pharmacological classification of receptor responses to ligands –, that is expected to be 110 
recognized by the DNN.  111 
2. Results 112 
2.1. Transformation of MD trajectories into pixel representations readable by DNNs 113 

To apply image-recognition (picture-recognition) technology in the analysis of the MD 114 
trajectories for the various ligand-GPCR complexes, the complete MD trajectory for each complex 115 
must be transformed into a pixel representation that constitutes the canonical input for these ML 116 
algorithms. We developed a transformation that takes advantage of the similarities between the 117 
components of proteins and picture representations: both are composed of bits of information, i.e., 118 
the pixels in a picture and the atom in a protein. The definition of pixels in terms of their values of 119 
red, green, and blue (RGB) parallels the definition of the individual atoms by their coordinates X, Y, 120 
and Z (XYZ). Consequently, a unique representation of the protein as a picture is obtained when each 121 
atom of the protein is transformed into a pixel with an RGB value that corresponds to that atom’s 122 
XYZ value (Figure 1).  123 

 124 

Figure 1: Visual representation of a molecular structure. Each atom of the molecule (left) is identified by the set 125 
of (x,y,z) coordinates as illustrated by the numerical set. The transformation to a 2D picture-like representation 126 
is obtained by assignment to each pixel representing an atom (in sequential order from top left to bottom right) 127 
by a pixel whose RGB value is the XYZ coordinate of the atom it represents (identified by the set of digital 128 
values). This representation has the special property that each pixel (i.e. matrix element) always represents the 129 
same atom in each frame from the trajectory of a particular protein. 130 

Since this procedure is sensitive to the translational and rotational movements of the protein, the 131 
trajectories are pre-processed by scrambling to remove bias from the original trajectory (see the next 132 
section for details on the scrambling procedure). 133 

  134 
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2.2. Training and application of DNNs able to recognize ligand-dependent receptor conformations 135 
2.2.1 General Protocol 136 
The representation of a protein according to the rules described in section 2.1, above, encodes the 137 
three-dimensional structure of a molecule into a two dimensional picture that can be fed directly into 138 
an ML algorithm, such as the convolutional neural network utilized here, without any loss of 139 
information (clearly, such a loss would occur if a conventional projection-like “picture” was taken of 140 
the molecule). In the method of analysis presented here, this transformation is applied to each frame 141 
of the MD trajectory sequentially, and followed by the steps depicted in Figure 2.  142 

 143 

Figure 2: Overview of the computer-aided inspection pipeline described in detail in the text. MD trajectories 144 
representing the time evolution of each system are subjected to a scrambling procedure to erase positional and 145 
orientational information and then each frame is converted into a visual representation suitable for feeding to a 146 
deep convolution neural network for training, validation, and testing of classification accuracy. A sensitivity 147 
analysis protocol is carried out to reveal the most important parts of the molecule (highlighted in red, see text 148 
and subsequent figures for more details) used in the classification by the neural network, and collective variables 149 
are extracted from the network to aid in further analysis.  150 

The trajectories collected from MD simulations of ligand-GPCR complex of the serotonin 5-151 
HT2AR and dopamine D2R (see Methods for details) were used to illustrate the application of the 152 
pipeline described in Figure 2. The data submitted for the DNN contains the coordinates of the atoms 153 
in the receptor structures sampled at the time-steps of the MD trajectories (frames), presented in the 154 
form of the visual representation of these coordinates ( Figure 1), as well as the corresponding class 155 
label for each structure (i.e. bound to agonist, partial agonist, or inverse agonist). 156 
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The scrambling protocol applied to the data prior to submission to the neural network (NN) is 157 
an unbiasing step in which the position of each frame and its orientation are scrambled (randomly; 158 
see Figure 3 for more information on the trajectory scrambling). This is undertaken in order to 159 
eliminate from consideration by the NN of any differences among frames that originate not from the 160 
time-dependent molecular dynamics, but from changes in position or orientation of the ligand-GPCR 161 
complex. Thus, the scrambling directs the NN algorithm to consider only the intramolecular changes 162 
of the protein induced by the ligands. This scrambling is introduced in our protocol to achieve the 163 
same unbiasing that is attained in image classification tasks by random orientation of objects in 164 
pictures (which forces the object recognition neural networks to understand the shapes and colors of 165 
objects, independent of their background and orientation).  166 

 167 

Figure 3: Illustration of the protocol for scrambling the frames of the MD trajectories. Each frame of each 168 
trajectory was positionally scrambled by moving its center of mass to a randomly sampled coordinate within a 169 
sphere of diameter 90 Å (the size of the largest dimension of the receptor). The orientation of the receptor was 170 
scrambled by aligning a vector defined by two arbitrarily chosen atoms (preferably on an axis connecting the 171 
intracellular and extracellular ends of the GPCR) to a random unit vector in spherical coordinates. (Note: for the 172 
5-HT2AR, the two atoms chosen were atoms 3695 and 4346, which are the eta hydrogen (H η) of K6.32 and one 173 
of the delta hydrogens (Hδ) of L7.34, respectively ) A. Illustrates the arbitrary positioning in space of the frames 174 
belonging to different trajectories by showing the center of mass of the first 1000 frames of arbitrarily-chosen 175 
trajectories from each class. Frames from a full agonist-bound trajectory are in blue, from partial agonist-bound 176 
are yellow, from inverse agonist-bound are red B. Illustrates the arbitrary orientation of the frames from the 177 
different trajectories: Green-tipped arrows with shafts going through atoms 3695 and 4346 are colored by the 178 
same color scheme as in A, and drawn for each of the first 1000 frames of the same trajectories as in panel A.  179 

The convolution neural network (Figure 2) was trained on training and validation sets, and 180 
tested on the data set, following known ML protocols [15, 18] (see below, section 2.2.2). The results 181 
for the 5-HT2AR (section 2.2.2) and D2R (section 2.2.3) systems were then analyzed as described below 182 
in section 3 to identify the molecular determinants of the classification. 183 

 184 
2.2.2 Pharmacological classification of the MD trajectories of 5-HT2AR-ligand complexes 185 

The set of 5-HT2AR-bound pharmacologically distinct ligands chosen for this illustrative 186 
application includes the full agonist serotonin (5-HT), the inverse agonist ketanserin (KET), and three 187 
partial agonists of differing efficacies (LSD, DOI, LIS) of which two are similar in molecular size (L-188 
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lysergic acid diethyl amide, LSD, and lisuride (LIS), and one is smaller, similar in size to 5-HT (2,5-189 
Dimethoxy-4-iodoamphetamine, DOI). The data set consists of 43,565 structures sampled with a 0.2 190 
ns time-interval from the full and inverse agonist trajectories, and a 0.6 ns time-interval from the 191 
partial agonist trajectories (to maintain a balance in the number of samples from each class). The 192 
complete set of trajectory data, along with their corresponding class labels, was split into training, 193 
validation, and test sets of size 24396, 10456, and 8713, respectively.   194 

The 5-HT2AR complexes were subjected to the general protocol described in section 2.2.1 above. 195 
The results for the 5-HT2AR test set quantify the accuracy of the neural network in predicting the class 196 
labels of pharmacological classifications of the 5-HT2AR ligands in the form of a confusion matrix 197 
(Figure 4). The formulation of the confusion matrix relates the predicted class label of the test set 198 
instances to their true class label. Each element of the confusion matrix is calculated as: 199 

(௜,௝)ܥ = ∑ ே		;					௡,(௜,௝)ܨ
௡ୀଵ ௡,(௜,௝)ܨ	݁ݎℎ݁ݓ	 = ൜1, ௡ܶ = 	ܦܰܣ		݅ ௡ܲ = ݆

0, ݁ݏ݅ݓݎℎ݁ݐ݋                              (1) 200 

where ܥ(௜,௝) is the (row, column) index of the confusion matrix, ܰ is the number of instances in the 201 
test set, ௡ܶ is the true class label of instance ݊, and ௡ܲ is the class label of instance ݊	predicted by 202 
the neural network. Each element is then normalized to the total number of instances in each class. 203 

Results from the application of the analysis to the test set for the 5-HT2AR are presented in the 204 
confusion matrix in both numerical and a color-coded visual form Figure 4A. The diagonal elements 205 
represent the fraction of instances for which the neural network had correctly identified the class 206 
label. Off-diagonal elements show the fraction of incorrectly labeled instances and identify the class 207 
to which they were incorrectly attributed. 208 

 209 

Figure 4: Results of the classification for the test set of the 5-HT2AR (A), and D2R (B). The coded coloring and 210 
numbers show the proportion of times the neural network predicted correctly a class label (diagonal elements), 211 
and the extent to which it failed to correctly predict the class label (off-diagonal elements) by confusing it with 212 
another class.  213 

In this illustration of the method for the 5-HT2AR, >99% of the frames in the test set were correctly 214 
labeled (the diagonal of the confusion matrix in Figure 4A). This near-perfect accuracy achieved on 215 
the test set suggests that the neural network is able to recognize and classify the ligand-dependent 216 
receptor conformations presented by this data set, with most of the very few incorrectly labeled 217 
instances (the off-diagonal elements) involving confusion of partial agonist labels. The molecular 218 
determinants for this recognition are discussed in section 2.3. 219 
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2.2.3 Pharmacological classification of D2R-ligand trajectories 220 

In order to test the generalizability of the method to MD trajectories of other GPCRs, we analyzed 221 
trajectories of another class A GPCR, the D2R, bound to pharmacologically distinct ligands, namely 222 
the full agonist (Dopamine, DA), inverse agonist (Sulpiride, SLP), and partial agonist (Aripiprazole, 223 
ARI).  224 

Following the same steps described above for the analysis of 5-HT2AR, the D2R trajectories (see 225 
Methods) were subjected to the protocol described in section 2.2.1 above. The visual representations 226 
of the coordinates from structures (frames) sampled every 0.4 ns from the trajectories of the ligand-227 
D2R complexes were randomly split into training, validation, and test sets of size 20017, 8580, and 228 
7150, respectively. The accuracy of the neural network in predicting the class labels of the D2R ligands 229 
in the test set is presented in Figure 4B as a confusion matrix (see Eq. 1 and section 2.2.2 for details 230 
on how the confusion matrix was constructed). The same high accuracy achieved by the neural 231 
network for the classification of the 5-HT2AR trajectories, is attained in the classification of the smaller 232 
set of classes for the D2R system. 233 
2.3 Identifying the molecular determinants of the classification 234 
2.3.1 General Protocol 235 

To reveal the identity of the molecular features that were most instrumental in the classification 236 
decisions of the NN, we employ a sensitivity analysis approach in the category of visual saliency [19]. 237 
This sensitivity analysis is based on computing the gradient of the neural network’s classification 238 
score for a particular label (i.e., how likely the network believes a picture to be in each class), with 239 
respect to each of the pixels of the input image. The higher the gradient for a particular pixel, the 240 
more attention the neural network paid to it in making the classification.  241 

Figure 5 shows an example of this type of sensitivity analysis applied to a traditional image 242 
classification. Here a deep neural network has correctly labeled a picture as “dog”, and the part of 243 
the picture that the DNN utilized to make the classification is highlighted in the heat map (also called 244 
“attention map”) next to it that color-codes the magnitude of the gradient for each pixel. Clearly, the 245 
attention map in Figure 5 highlights (in the collection of highest gradient values) the pixels that 246 
correspond to the dog, designating them as those having been the most important pixels for 247 
classifying the picture correctly.  248 

 249 

 250 
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Figure 5: Sensitivity analysis applied to an image of a dog. For the heat map (attention map) on the right the 251 
color bar quantifies the gradient of each pixel with respect to how likely the neural network considers this image 252 
to be of a dog. This highlights the pixels that the neural network considered to be the most important for the 253 
classification of the picture. The pixels that correspond to the outline of the dog are seen to be the most important 254 
for the classification and thus have the highest gradient.  255 

 256 
2.3.1 Application to the sensitivity analysis to the 5-HT2AR classifications 257 

We applied this sensitivity analysis approach to identify the features used by the NN to classify 258 
correctly the test frames as those corresponding to the 5-HT2AR bound to a full agonist. Figure 6A 259 
shows an attention map calculated from the ligand-bound 5-HT2AR test set. This attention map was 260 
obtained by averaging the attention maps of 1000 instances (trajectory frames) of the full agonist 261 
bound 5-HT2AR. In this panel, the protein is represented by a 71x71 pixel matrix containing the atoms 262 
of the receptor protein (20 atoms are missing from the C terminus) and constructed as described in 263 
Figure 1. The elements are colored according to the color scheme with the largest gradient value 264 
representing the highest importance of the atom in the classification task. The calculation of the 265 
average takes advantage of the property of the visual representation of the protein in which each 266 
pixel always represents the same atom.  267 

To be able to relate the contributions of the identified key atoms and groups in the context of 268 
structural regions of the protein, we show in Figure 6B the same data as in the attention map (panel 269 
6A), but in a different representation in which all the pixels (i.e., atoms) are listed on the X axis 270 
sequentially, labeled with their generic numbering that identifies the TM segments of the GPCR 271 
protein. Applying to Figure 6B an importance cutoff value of 0.15 (chosen by inspection of the 272 
attention map), the residues considered to be most important in the classification of the ligand bound 273 
to the receptor are found to reside in the middle and the extracellular ends of TMs 2-5 (positions 2.56, 274 
2.65, 3.28, 4.58, 4.59, 4.62, 4.63, 4.67, and 5.35-5.37, residues labeled with the generic Ballesteros-275 
Weinstein numbering[20]), at the intracellular ends of TMs 2 and 3 (positions 2.38 and 3.55) and in the 276 
extracellular loops ECL1 and ECL2, as well as intracellular loops ICL2 and ICL3 (the pieces of which 277 
that were identified as important exchange between loop and helical extensions of TM5 and TM6 278 
throughout the trajectories). There is a roughly even distribution between important residues that 279 
reside in the loops and the helices. These sites are indicated on the 5-HT2AR structure in Figure 6C.  280 

 281 
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 282 

Figure 6: Identification of the molecular determinants of the classification of the full agonist bound to the 5-283 
HT2AR. A: The full agonist attention map shown was obtained as the average of 1000 attention maps calculated 284 
from 1000 instances of the full agonist bound to the 5-HT2AR. B: Representation of the (average) attention map 285 
in panel A in which all the pixels (i.e., atoms) are listed on the X axis. The tick marks on the X axis identify 286 
residues labeled with the generic Ballesteros-Weinstein numbering[20]. The gradient values calculated for the 287 
classifier for individual atoms is on the Y axis; it indicate the order of importance (salience) of each atom for the 288 
classification. C: The positions of the most important residues for the classification are indicated (in orange) on 289 
the ribbon representation (in blue) of the 5-HT2AR model structure. The highlighted residues contain atoms 290 
whose gradient (attention) is >0.15. D: Validation of the attention map by evaluation of the effect of blurring 291 
increasing numbers of pixels (atoms) in the representation of the protein complex. Orange dots indicate the 292 
results of blurring increasing numbers of pixels identified to have the lowest gradient (least important). Blue 293 
dots indicate the results of blurring pixels with the highest gradient (most important). The number of atoms 294 
blurred is shown on the X axis; the Y axis shows the corresponding classification score of full agonist for the 295 
blurred images.  296 

To verify further the role of these specific structural motifs in the classification produced by the 297 
neural network, we compared the effect of blurring the pixels with the highest gradient (most 298 
important; salient) to those with the lowest gradient (unimportant). In this procedure, sets of pixels 299 
corresponding to a number N of least-important atoms for all classes, were blurred in the test set by 300 
replacing them with Gaussian noise. This erased the information that these pixels confer to the neural 301 
network. The classification score computed for such an altered image represents the probability of an 302 
image belonging to a particular class, and the sum over all classes is unity. The same blurring 303 
procedure was then repeated for the same number of pixels with the highest gradient (importance) 304 
for a particular class.  305 
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The results of this analysis for the full agonist-bound class (in Figure 6D), show that when the 306 
most important pixels are blurred (blue dots), the classification score quickly decreases to the chance 307 
rate (~0.33 for 3 classes) with 250 blurred pixels. This means that the network is no longer able to 308 
identify this instance as bound to full agonist. However, after blurring the same and even larger 309 
numbers of unimportant pixels (orange dots), the neural network is still able to identify the instance 310 
as belonging to the full agonist bound class (with a classification score >0.9).  311 
2.3.2 Sensitivity analysis applied to the classification of the D2R complexes 312 

 313 

Figure 7: Identification of the molecular determinants of the classification of the full agonist 314 
bound to the D2R. A: The full agonist attention map shown was obtained as the average of 1000 315 
attention maps calculated from 1000 instances of the full agonist bound to the D2R. B: Representation 316 
of the (average) attention map in panel A represented as in figure 6B. C: The positions of the most 317 
important residues for the classification are indicated (in orange) on the ribbon representation (in 318 
blue) of the D2R model structure. The highlighted residues contain atoms whose gradient (attention) 319 
is >0.15. D: Validation of the attention map following the same procedure as described in figure 6D. 320 

The results of applying the sensitivity analysis to the pharmacological classification of ligand-321 
bound complexes of the other class-A GPCR, D2R, shown in Figure 4B, are summarized in Figure 7.  322 
Using the same importance cutoff value of 0.15 as in the analysis of the 5-HT2AR, we find that the 323 
most important residues in the classification of the ligand-D2R complexes reside in the middle and 324 
the extracellular ends of TMs 1, 4, and 5 (positions 1.29, 1.30, 1.33, 1.34, 1.37, 1.38, 1.42, 1.46, 1.51, 4.53, 325 
4.62, 5.35, 5.36, 5.39, 5.40, and 5.44), at the intracellular ends of TMs 5-6 (positions 5.64, 5.69, 5.70, 5.72-326 
5.74, 6.29, and 6.33) and in the extracellular loop ECL2, as well as intracellular loops ICL2 and ICL3. 327 
These sites are indicated on the D2R structure in Figure 7C. There is some striking overlap between 328 
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the most important residues found by the attention map analyses of the D2R and 5-HT2AR 329 
trajectories. Among the most important regions found by both analyses was the intracellular ends of 330 
TM5 and TM6, the extracellular end of TM4 and TM5, as well as ECL2, ICL2, and ICL3. Remarkably, 331 
among the most important residues of both analyses was residues 4.62 and 5.36 on the extracellular 332 
ends of TM4 and TM5, respectively. Multiple analogous residues of the ECL2 as well were identified 333 
in both analyses, including the highly conserved cysteine (C227 in 5-HT2AR and C182 in D2R) that 334 
makes a disulfide bond with C3.25 and was shown to be critically important to the function of many 335 
class A GPCRs[21]. 336 

2.4 Dynamic differences discriminated by the DNN in the regions most important                             337 
for the classification decisions of ligand-bound GPCRs 338 

To gain additional insight into the nature of dynamic differences discriminated by the DNN in 339 
the regions most important for the classification decisions, we compared the conformational 340 
dynamics of specific residues identified by the atoms with high importance for the classification.  341 

2.4.1 5-HT2AR complexes 342 

Starting with the most important region identified in Figure 6B, i.e., the second extracellular loop 343 
(ECL2), we evaluated the dynamic range of the top hit of the sensitivity analysis for the 5-HT2AR 344 
bound to the full agonist, compared to the aligned trajectories of the 5-HT2AR complex with a full 345 
agonist and the inverse agonist. Figure 8A shows the sampling of the epsilon carbon (Cε) atom of F222 346 
in ECL2. Although the starting structures of the GPCR in all 5-HT2AR-ligand bound complexes were 347 
highly similar (see Methods for details on docking), the conformational space sampled by this region 348 
diverged over the course of the simulations. As Figure 8A shows,  ECL2 of the 5-HT2AR bound to 349 
the inverse agonist (KET) samples two distinct states over the trajectories in the dataset (red and 350 
orange points in Figure 7A), with the red points indicating conformations in which F222 is almost 351 
exclusively pointing inward, towards the binding pocket and TMs 6 and 7 (see Figure 8B bottom left). 352 
In the other trajectory (orange points) of the KET-bound 5-HT2AR, a section of the ECL2 including 353 
F222 prefers an alpha-helical conformation, resulting in F222 pointing mostly away from the binding 354 
pocket towards the extracellular side (Figure 8B top left), with some brief overlap with the sampling 355 
of the red trajectory. Notably, both of these conformations are distinct from those sampled by the 5-356 
HT2AR bound to the full agonist 5-HT (blue and purple points in Figure 8A). In the 5-HT-bound 357 
trajectories, the section of the ECL2 containing F222 samples disordered/unfolded conformations in 358 
which F222 primarily occupies a region of space away from the binding pocket than the KET-bound 359 
(orange) trajectory, but shifted closer to TMs 1 and 2. Interestingly, in the trajectories of the 5-HT2AR 360 
bound to partial agonists, the Cε of F222 samples regions of space that overlap with both of the 361 
regions sampled in the trajectories of the 5-HT2AR bound to full and inverse agonist. 362 

 363 

 364 
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 365 

Figure 8. Conformational dynamics of residue F222 in ECL2 identified by the positions of the epsilon carbon 366 
atom Cε of F222 in the simulation trajectories. A. Sampling of the coordinates of Cε of F222 (atom 2532), the 367 
top hit of the sensitivity analysis for serotonin (5-HT), in the aligned trajectories of the 5-HT2AR bound to the 368 
inverse agonist ketanserin (KET) (red and orange) and the full agonist 5-HT (blue and purple). B. Representative 369 
frames from each of the four trajectories shown in the previous panel. F222 is colored solidly according to the 370 
bound ligand, ketanserin (red and orange) and serotonin (blue and purple) 371 

 372 

On the intracellular side of the receptor, we followed the conformational dynamics of residue 373 
R310 in ICL3, containing the epsilon hydrogen (Hε) identified as a highly salient atom. Figure 9A 374 
shows the sampling of the Hε in the aligned trajectories of the 5-HT2AR bound to full 5-HT (in blue) 375 
and KET (in red). The two representative frames from the trajectories, shown in Figure 9B, illustrate 376 
the conformation of the ICL3 sampled by each class. There is near perfect separation between the 377 
space sampled by the Hε atom of R310 over the full and inverse agonist bound trajectories, 378 
confirming that this residue, identified as important by the neural network, indeed confers a large 379 
amount of information about whether and how the ensembles of ligand-dependent conformations 380 
differ.  381 

 382 

 383 
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 384 

Figure 9. Conformational dynamics of residue R310 in ICL3 identified by the epsilon hydrogen highlighted by 385 
the sensitivity analysis. A. Sampling of the coordinate of the epsilon hydrogen of R310 (atom 3535) in the ICL3, 386 
over all of the aligned trajectories of the 5-HT2AR bound to the inverse agonist ketanserin (red) and the full 387 
agonist serotonin (blue). B. Example frames from each class of trajectories shown in panel A. R310 is colored 388 
solidly according to the bound ligand, KET (red) and 5-HT (blue) 389 

The conformations of the partial agonist trajectories are differentiated by a different set of 390 
residues. The ICL3 of the partial agonist is not differentiated by the R310 Hε, as in the partial agonist-391 
GPCR complex this atom samples both of the spaces shown in Figure 9A, with some preference for 392 
the trajectory of the full agonist. Instead, Figure 10 shows that the conformation of the ICL3 in the 393 
partial agonist trajectories is different from the other complexes in that it preserves throughout the 394 
helical structure of the residue segment 306 to 310 of TM6, whereas the same piece of ICL3 samples 395 
a disordered/unfolded conformation in both the full and inverse agonist-bound trajectories (shown 396 
in Figure 9). This is evidenced by the sampling of T307 in the ICL3, a residue identified as important 397 
in the attention map of the partial agonist, but not the full agonist. 398 
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 399 

Figure 10. Conformation of the ICL3 of the 5-HT2AR in complexes with full- partial- and inverse-agonists. In 400 
most of the partial agonist trajectories, a piece of the ICL3 (magenta) forms an extra helical turn of TM6. In the 401 
full and inverse agonist-bound trajectories, this piece of the ICL3 is disordered/unfolded, with T307 pointing 402 
inwards towards TM3 in the inverse agonist trajectories, and pointing away from TM3 in the full agonist bound 403 
trajectories. A. The sampling of the coordinate of the gamma oxygen of T307, an atom identified as important in 404 
the attention map of the partial agonist, for all the trajectories of the 5-HT2AR bound to full agonist (in blue), 405 
inverse agonist (red), and partial agonist (yellow). B. Illustrative frame from partial agonist bound trajectories 406 
showing the extended helical conformation of the ICL3. T307 is colored in yellow and the extra helical turn is 407 
colored in magenta. 408 

2.4.2 D2R complexes 409 

For the dopamine receptor complexes we again focused first on ECL2 which was identified as 410 
important for the classification of the ligand-D2R complexes. Figure 11A shows the time dependence 411 
in the trajectory of the values taken by the dihedral angle across the disulfide bond formed between 412 
C182 in the loop and C3.25 (in TM3) over the full-agonist (DA) bound and inverse agonist (SLP) 413 
bound trajectories of the D2R. For the majority of the SLP-bound trajectories, the ECL2 samples 414 
conformations that are never sampled in the DA-bound trajectories. This is evidenced in the figure 415 
by the difference in the dihedral angle of the disulfide bond between the two cysteines. The DA 416 
trajectories (blue) remain in an angle range around -100, never sampling above -40, whereas the 417 
SLP (red) trajectory samples mostly around 100. A simple cutoff of 0, for example, can distinguish 418 
a majority of the inverse agonist frames. These differences in angle values determine different 3D 419 
orientations of the ECL2 which thus becomes a salient feature for describing the differences in the 420 
ensemble of conformations sampled by the trajectories of D2R bound to the full and inverse agonist. 421 

 422 
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 423 

Figure 11: Involvement of residue C182 identified by the D2R sensitivity analysis in the discrimination of 424 
ECL2 structures. A: The dihedral angle is measured along the disulfide bond between C182 and C3.25 for the 425 
full agonist bound (blue) and inverse agonist bound (red) trajectories. B: Illustrative frames from the trajectories 426 
in panel A representing the two dihedral angle states. The ligand for each class (Dopamine for full agonist, and 427 
Sulpiride for the inverse agonist ) is shown in function colored CPK. 428 

Like in the 5-HT2AR complexes, the residues in the extensions of TM5 and TM6 are important for 429 
the classification by the DNN. For the dynamic context, we compared residues K5.70 and T5.74 ( both 430 
identified as important by the D2R sensitivity analysis) of the extension of TM5 in the aligned 431 
trajectories of the ligand-D2R complexes. Interestingly, inspection of the trajectories shows a 432 
difference in the preference of helical conformation of the intracellular end of TM5 dependent on the 433 
backbone hydrogen bond between these residues. The full-agonist bound trajectories preferred the 434 
helical conformation while the inverse-agonist bound trajectories preferred a disordered 435 
conformation. Figure 12A shows a measure of the helicity involving residues K5.70-T5.74 in the 436 
trajectories, quantified by the distance between the backbone oxygen of K5.70 and the backbone 437 
amide hydrogen of T5.74. The majority of frames in the DA-bound trajectories exhibit a smaller 438 
distance than those of the SLP-bound trajectories, because K5.70 and T5.74 form part of a helical 439 
structure for most of the full agonist trajectory, whereas in the inverse agonist bound trajectories these 440 
residues are in a more disordered conformation. Figure 12B presents example frames from the 441 
ensemble of conformations sampled by D2R bound to the full and inverse agonist, underscoring the 442 
clear difference in helicity of the TM5 region and thus the structural context of the identified 443 
importance of the two residues in the classification by the DNN.  444 

 445 
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 446 

Figure 12: Residues K5.70 and T7.54 identified by the D2R sensitivity analysis determine the helicity of the 447 
intracellular TM5 extension. A: The distance between the backbone oxygen of K5.70 and the backbone amide 448 
hydrogen of T5.74 along trajectories of D2R bound to the full agonist (in blue) and the inverse agonist (red).    449 
B: Illustrative frames from the trajectories in panel A chosen for the distinct difference in the distance, and its 450 
effect on the helicity of the intracellular end of TM5. 451 

 452 

3. Discussion 453 

The machine learning-based approach we developed and illustrated here with applications to 454 
the classification of ligand-determined GPCR conformational properties, points to some new 455 
directions taken by methods for MD trajectory analysis. In particular, analyses involving machine 456 
learning are growing in popularity as a greater variety of scientific questions is being addressed with 457 
MD simulations, and the systems targeted are increasingly complex. The data generated by these 458 
ever larger scales of simulation, accrued for large systems that require longer simulation times, is 459 
moving the field into the realm of Big Data Science [22]. A recent review of fundamental MD 460 
problems that could be addressed in the framework of Machine Learning (ML) [23], shows how ML 461 
has the potential to tackle problems arising from large scale simulations, and that it has already had 462 
profound impact on alleviating them (see Noe et al.[23] and references therein).  463 

The work we present supports the overall optimistic outlook regarding the potential of ML 464 
algorithms to extract important functional information from MD simulation trajectories in the usual 465 
structural and dynamic context of molecular mechanisms. An imperative in this respect, is the 466 
development of approaches to translate the results obtained with DNN-based protocols into clear 467 
structural information in order to illuminate the underlying mechanisms in a physics-based context. 468 
By extracting automatically the functional information we achieved a major reduction in 469 
dimensionality of MD Big Data into a collection of salient structural motifs that efficiently describe 470 
the differences between ensembles of conformations sampled by each tested state. The results of this 471 
study are particularly encouraging, despite the limited scope of the test framework used in the 472 
illustration, as the approaches (i)-classify correctly the ligand-bound GPCRs, (ii)-identify the 473 
molecular determinants of the classification, and thus also the dynamic differences in the regions 474 
most important for the classification decisions.  475 

Only 5 ligands for the serotonin 5-HT2AR and 3 for the dopamine D2 receptors were used in this 476 
limited test, but the results show that through the methodology described herein, a DNN is able to 477 
identify the relation between the functional properties of ligand-receptor complexes and the 478 
ensemble of conformations that they sample within MD trajectories. Due to the limited sampling of 479 
both configurational space and the classification field, the trajectory data served here only to 480 
exemplify the ability of the method to distinguish functional states of a GPCR, not to reach any 481 
conclusion about the significance of the functional states themselves. And yet, it is encouraging to 482 
observe that most of the salient regions for identifying the ligand-dependent conformational 483 
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differences are common to both the 5-HT2AR and D2R, and are regions known to be important for 484 
GPCR activation. Thus, the ECL2 has been shown to play a critical role in class A GPCR activation[24], 485 
taking on ligand-dependent conformations that are important for function[24-27]. The regions of the 486 
intracellular side of the receptor identified by our analysis, including the two ends of the ICL3 (i.e., 487 
the N-terminus of the loop which continues TM5, and its C-terminus which elongates the start of 488 
TM6), are also critically important for GPCR activation as these sites directly interact with the G 489 
protein[28] . As such, they are involved in the opening, observed in active GPCRs[29], of the 490 
intracellular side of the receptor.  491 

It is noteworthy, however, that while they serve to discriminate between ligand classes, the 492 
dynamics of these salient motifs differ between the 5-HT2AR and D2R systems. This is further 493 
reassuring because even if their role in recognizing the G protein, say (for the ICL3 motifs) is the same, 494 
they must respond to different G proteins in different functional contexts. However, that the 495 
structural motifs mentioned above were similarly sensitive to the bound ligand in both systems is 496 
concordant with the evidence that class A GPCRs involve similar structural motifs in the 497 
pharmacological response. Collectively, the accuracy and agreement between the sensitivity analyses 498 
applied to the 5-HT2AR and D2R trajectories suggests that this method should generalize to other 499 
GPCR simulation studies, including trajectories of other ligand-GPCR complexes in diverse coupling 500 
pathways. 501 

The characteristics of the novel method of analysis described here support its applicability not 502 
just to classifications of receptor activity (efficacy), but by finding ligand-dependent differences in 503 
MD trajectories of GPCRs, it is especially promising for the classification of ligand bias in functional 504 
selectivity as well. Our ongoing work is exploring this application, as well other functional 505 
classifications being studied such as membrane lipid composition or the presence or absence of an 506 
action such as ion release. 507 

4. Materials and Methods  508 

Building homology model of the GPCRs 509 

MODELLER (v.9.18)[30] was used to generate the sets of homology models of the human 5-510 
HT2AR, and the human dopamine D2R. Briefly, Modeller generates 3D homology models of 511 
proteins using sequence alignments between the target and homologous proteins, as well as 512 
experimental structural data (e.g. x-ray or cryoEM structures from homologous proteins). These 513 
models are generated by optimally satisfying spatial restraints that are derived from the template 514 
structure(s). Because template-derived spatial constraints inform model construction, there is 515 
tension between choosing the most homologous template structures and providing Modeller with a 516 
set of template structures that possess enough sequential/structural heterogeneity so that the 517 
resultant set of homology models are significantly structurally diverse.  518 
Modeling the 5-HT2AR: Three sets of sequence alignments/crystal structures were used as templates 519 
in Modeller:  520 
- Set 1 consisted of two structures of the human 5HT2BR (PDBID: 4ib4 and 5tvn);  521 
- Set 2: included two structures of the human 5HT2BR (PDBID: 4ib4 and 5tvn) and  522 

two structures of the human 5HT1BR (PDBID: 4iaq and 4iar);  523 
- Set 3: included all the structures in Set 2, augmented by 2 structures of the human ß2-524 

adrenergic receptor b2AR (PDBID: 4lde and 4ldl).  525 
Each of these template structures includes the receptor bound to one of its agonists. For each 526 
template set, Modeller was used to generate 1,000 homology models of the 5-HT2AR.To select a 527 
single homology model from the 3 sets of Modeller outputs, each model was evaluated for its 528 
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ability to discriminate between 5-HT2AR agonists and decoy ligands (i.e. ligands that are predicted 529 
to not bind 5-HT2AR); this characterization was performed by employing a multistep procedure.  530 

First, a set of 47 known human 5-HT2AR agonists was obtained from the IUPHAR/BPS database 531 
[accessed on May 1st, 2017] [31]. These agonists were then submitted to the DUD-E server [accessed 532 
on May 5th, 2017] [32], which generated a set of 3,229 decoy structures. Briefly, DUD-E generates 533 
decoy structures that have similar physical chemistry properties (e.g. molecular weight, hydrogen 534 
bond donors/acceptors, rotatable bonds, etc.) but have a dissimilar topology. Schrodinger’s LigPrep 535 
software (v. 40015) was used to convert the agonist set and DUD-E SMILES descriptions into 3D 536 
ligand models.  537 

Next, the 3 sets of 1,000 Modeller homology models were prepared for docking studies using 538 
Schrodinger’s Protein Preparation Wizard (v. 2016-2) [33]; this procedure added hydrogen atoms 539 
and created the disulfide bond between C3.25(148) and ECL2 loop residue C227. Schrodinger’s 540 
Glide software (v.34014) [34] was used to dock each of the 47 agonist and 3,229 decoy structures 541 
into the models in the 3 sets (3,000 models total), using standard precision; for each receptor/ligand 542 
complex, Glide calculates a ‘GlideScore’, which is an approximation of the ligand’s free energy of 543 
binding to the protein.  544 

Each model’s ability to discriminate between true agonist and decoy structures was quantified 545 
using the set of ligand GlideScores. The set that only used 5HT2B as input templates was the most 546 
discriminating model overall and was used for subsequent docking studies, described below.    547 

Molecular construct for D2R  548 

The crystal structure of the D2 dopamine receptor bound to Risperidone [27] was used as 549 
starting construct. The missing intracellular loop IL2 was modelled using MODELLER [30]. The 550 
long intracellular loop IL3, substituted by T4 lysozyme in the crystal construct, was replaced by a 551 
10mer of Gly residues, inserted between S229 and Q365. 552 

Parametrization and docking of the molecular models  553 

MOL2 files for the 5-HT2AR ligands (5-HT, Ketanserin, LSD, Lisuride, and DOI) as well as for 554 
the D2R ligands (Dopamine, Sulpiride, Aripiprazole) were obtained from the ZINC [35] database. 555 
The amide nitrogen in these compounds was protonated and docking poses were generated into 556 
the identical 5-HT2AR homology model and into the D2R structure using the Induced Fit [36-38] 557 
protocol in the Schrodinger Suite. A starting binding pose was chosen for each ligand based on the 558 
e-modal score and comparison to experimental data [25-27, 39-43]. Parameters for the CHARMM36 559 
[44] force field each ligand were obtained by analogy from the CGenFF program [45, 46]. 560 
Parameters with analogy penalties greater than or equal to 5 were optimized using the Force Field 561 
Toolkit (ffTK) [47]. Quantum mechanical calculations were made at the Hartree-Fock level of theory 562 
using the Gaussian software [48].  563 

Molecular dynamics simulations 564 

The GPCR systems were simulated in atomistically explicit membrane environments following 565 
established lab protocols (e.g., see REFs). For the simulation of 5-HT2AR-ligand complexes the 566 
molecular model was inserted into a membrane containing 144:16 POPC:Cholesterol molecules of 567 
in each leaflet. The membranes were built using the CHARMM-GUI[49] and equilibrated using the 568 
NAMD[50] software ver2.12 according to an equilibration protocol generated[51] by the 569 
CHARMM-GUI. After inserting the protein into the equilibrated membrane, the protein-membrane 570 
complex was surrounded by a 0.15 M NaCl solution with a hydration number of 80 water 571 
molecules per lipid using the CHARMM-GUI. Similarly, for the D2R-ligand simulations the 572 
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structures were embedded, using the CHARMM-GUI, into a membrane consisting of 180:18 573 
POPC:Cholesterol molecules per leaflet, and was solvated and ionized using the same conditions as 574 
above.  575 

 Each complete system was equilibrated under the NPT ensemble (T=310K) in NAMD 576 
according to a previously established multistep equilibration protocol [16, 52] before running 577 
approximately 1.5 microsecond long trajectories for each under the NVT ensemble (T=310K). The 578 
production runs were carried out with the ACEMD3 [53] software with a 4 femtosecond time-step 579 
and with all the standard simulation parameters [5, 9, 16, 52] following established and 580 
documented protocols (REFs as indicated).  581 

Machine Learning procedures 582 

Building the DNN: A custom Densely Connected Neural Network [15, 18] was constructed, with 4 583 
dense blocks containing 6, 12, 36, and 24 layers, respectively, a growth rate of 48 filters per layer, 96 584 
initial filters, and a reduction ratio of 0.5, in Keras [54] with a Tensorflow [55] backend based on an 585 
established implementation [56] 586 

Classification of the trajectories: Each frame of the scrambled trajectories was converted into a visual 587 
representation using the previously-described algorithm. Each frame was assigned a label 588 
according to its functional class (0 for full agonist bound, 1 for partial agonist bound, and 2 for 589 
inverse agonist bound). The frames were randomly split into a training, validation, and test set in 590 
the ratio of 56:24:20, respectively. The neural network was trained on the training and validation 591 
sets, and tested on the test set. The reported score is based on the test set.  592 

Sensitivity analysis (keras-vis):  The sensitivity analysis was performed by computing the gradient 593 
using the visual saliency package provided by keras-vis [57] with guided back-propagation. 594 
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