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Synthesis and Machine Learning Techniques to Enable Data-
Driven Investigation of Supramolecular Host-Guest Interactions. 

Alok Shaurya,‡a Amir Hassan Bagherzadeh Mostaghimi,‡b David R. Turnbull,b Fraser Hof,*a,c and 
Jeffrey F. Van Humbeck*b 

The availability of large datasets such as the Protein DataBank and ChEMBL have allowed for rapid progress in 

developing machine learning tools for predicting the biological activity of organic small molecules. The binding 

between supramolecular hosts and their desired guests are governed by the same forces that drive protein-small 

molecule interactions, and yet this field has seen dramatically less application of machine learning. In this 

contribution, we demonstrate that the production of easily diversified building blocks can allow a single laboratory 

to generate a dataset that is sufficient to engage with modern machine learning approaches. A range of methods 

were evaluated against our single-laboratory dataset, with a graph neural network featuring an attention 

mechanism providing meaningful performance in this data-sparse arena.

Introduction 

Organic chemistry has seen an accelerating adoption of 

machine learning (ML) and other data science tools.1–6 Two 

complementary sources of data have played significant roles in 

this evolution. First, there are the large, well-curated, open-

source repositories such as the Protein DataBank7 or European 

Molecular Biology Laboratory-European Bioinformatics 

Institute’s (EMBL-EBI) ChEMBL small-molecule database.8 

Second, well-resourced industrial and academic research 

groups have made great strides in developing high-throughput 

techniques in synthetic organic chemistry, allowing for 

hundreds or thousands of reactions to be carried out.9–15 These 

latter investigations have often provided a double benefit, 

yielding both highly optimized systems for a specific task and 

mechanistic understanding that illuminates synthetic organic 

chemistry more broadly. 

 Supramolecular chemistry faces significant challenges when 

attempting to apply the same approach. There are no databases 

of comparable size to those that are widely used for biological 

or small-molecule chemistry.16 Research groups with ML 

expertise to inform the community, therefore, are unable to 

demonstrate which specific approaches might be useful. In the 

area of host-guest chemistry, there is a significant problem of 

publication bias in the literature. Most publications focus on the 

extraordinary: unique systems that show dramatic binding 

affinity or selectivity between competitive substrates. The 

synthesis of molecular hosts that display these properties has 

been similarly goal-oriented: when enough of the singular 

target host is made is often the only concern. Parallel synthesis 

of macrocyclic hosts has not been a traditional pursuit of the 

discipline and has involved relatively low-throughput efforts.17 

Herein, we demonstrate the synthetic innovation can allow for 

a single experimental research group to generate sufficient 

molecular libraries for data-driven investigations. Realizing that 

experimental research groups might possess varying levels of 

comfort with machine learning techniques, we analyzed our 

single-lab dataset with five different approaches. These 

approaches were chosen to span from simple, widely applied 

tools that can be implemented with limited experience, to more 

powerful models. We aimed to predict binding affinity (i.e. 

regression), to complement previous work on classification,18 

and host generation,19 where there have been successful 

reports. A recent pre-print combines ML with GFN2-xTB 

calculations to estimate binding free energy of small anion 

guests.20 

Results and Discussion 

Host and Guest Target Selection 

 Protein methylation is a common regulatory mechanism in 

higher organisms. On certain amino acid side chains, the 

number of methyl groups (Figure 1) is a functionally unique 

post-translational modification.21–25 As the distinct roles of 

different lysine and arginine methylation marks have become 

better understood, the need for new binding agents that 

specifically target different marks has arisen. In response to the 

identification of these targets, strong recognition of 

trimethyllysine by macrocyclic hosts has been routinely 

achieved, including by sulfonatedcalix[4]arenes,17,26–30 
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dithiamacrocycles,31,32 cavitands,33,34 and more.35,36 The search 

for agents that selectively bind lower methylation states of 

lysine or specific methylation states of arginine represents a 

major challenge in biosupramolecular chemistry. Waters’ group 

has been successful with a variety of dynamic combinatorial 

chemistry approaches. They were able to identify the first 

synthetic host that binds Kme2 selectively over Kme3,37 and 

later a host that selected Rme2a over Rme2s.38 An alternate 

strategy has been used when designing neutral hosts. Such 

hosts, like cucurbiturils39 and phosphonated receptors,40,41 

substitute electrostatic interaction with ion-dipole interactions. 

In both examples, multiple dipoles, P=O or C=O, are pointed 

inward towards the cavity and surround the incoming guest. 

 Our own work towards selective binding of methylated 

amino acids has focused on calixarene frameworks. Arylating 

the upper rim extends the hydrophobic surface and gives hosts 

that bind Kme3 with low micromolar affinities.27,29 A lower-rim 

substitution that confers selectivity for dimethyllysine was 

discovered accidentally.42 In addition to altering the binding 

surface, substitution on calix[4]arenes also alters their 

conformational preferences in unpredictable ways which have 

direct (and also hard to predict) influence on the binding 

properties.28 Given the ability to generate a diverse library of 

these scaffolds (vide infra), we selected this host-guest pair as a 

reasonable target to test a data-driven approach around. 

 We aim for this work to complement the ‘SAMPL’ host-guest 

challenge, which provides an experimental binding dataset to 

benchmark computational approaches.43In the most recent 

competition (SAMPL-9), the magnitude of this challenge 

remains clear. For the most similar SAMPL host to our own (i.e. 

a pillararene derivative), root-mean squared errors ranging 

from 2.04–3.75 kcal/mol were reported in ranked submissions. 

The guests in this challenge are small (e.g. cyclohexylamine, 

paraquat) and feature much less conformational flexibility that 

the peptide guests investigated here. At the outset, we did not 

consider fully in silico approaches such as those reported in 

SAMPL as appropriate for our application. 

ML Algorithm Selection 

 Dozens of different ML approaches that try to predict the 

binding affinity of a small molecule to its protein target have 

been developed,44–46 based in no small part on the data 

availability provided by the ChEMBL database. We chose to test 

5 specific models that show 3 contrasting approaches to the 

problem, and demand different levels of skill in the art (Figure 

2). One of the simplest methods involves the use of Extended 

Connectivity Fingerprints (ECFPs; Fig. 2a).47 In this approach, a 

molecular structure is converted into a binary bar-code of 

standard length. The local environment around each atom—out 

to a pre-determined radius—determines which positions in the 

bar code are assigned a value of one. While simple, this 

encoding provided competitive performance in an evaluation of 

over 5,000 specific datasets extracted from ChEMBL.48 We 

chose two specific algorithms—random forest (RF) and support 

vector machine (SVM)—as user friendly options that work with 

ECFPs. A lab with absolutely no coding experience could likely 

begin using such an approach within several weeks. The 

creation of ECFPs relies on the rdkit python package, and the 

Figure 1 Post-translational methylation of amino acid residues of relevance to this 

project. 

Figure  2 An overview of the five machine learning approaches evaluated against 

our host•guest binding dataset. (a) ECFP methods leverage traditional machine 

learning tools and operate on a binary barcode of uniform length. (b) 3D modelling 

of non-covalent forces are voxelized to create a standard input for convolutional 

neural network analysis. (c) The adjacency matrix of a molecule is one 

representation of a graph approach, which can be analyzed with or without an 

‘attention mechanism’. 
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implementation of RF and SVM use scikit-learn. These packages 

have extensive support and are easily accessible.49,50 

 To contrast ECFPs, we also investigated two approaches that 

represent molecules with more physics-informed data 

structures and have been analyzed extensively using ChEMBL. 

In one approach, the supramolecular host was modelled in 3D-

space using standard tools (see Supporting Information). The 

distribution of steric occupancy, partial charge, and polarizable 

surfaces were recorded on a spatial grid which became the 

input for a convolutional neural network (CNN), in line with 

several existing approaches.51–55 Next, we also considered the 

graph representation of our hosts. Such a framework 

represents molecules as a combination of nodes (i.e. atoms) and 

edges (i.e. bonds) through which information is shared. Several 

different ways exist to draw information out of the individual 

atoms to represent a given molecule as a whole. A basic graph 

convolutional network (GCN) was evaluated here.56 As 

compared to the relatively easy RF and SVM, we would rate 

these next two approaches as being of medium difficulty to 

implement. Some basic coding proficiency is needed, though 

the widespread use of CNN and GCN in several different 

scientific areas means there is a great deal of available support. 

 A suite of more advanced techniques exist that aim to 

increase the performance of ML models in this domain. Finally, 

we selected a specific academic model—the ‘AttentiveFP’ 

approach of Jiang and Zheng—for inclusion.57 AttentiveFP also 

uses a graph representation of molecules but adds additional 

facets to the approach to learn which sub-structures of a given 

molecule the algorithm should pay attention to, hence the term 

‘attention mechanism’. The original work has been cited several 

hundred times and affords a balance between being well-

established while also showing what is possible at the leading 

edge of academic work. We were able to successfully use the 

resources provided by those groups to evaluate our own 

dataset (i.e. via their GitHub page), but recognize that this task 

might be difficult for a new entrant to the area. 

 

Synthetic Library Generation 

 Our successful plan for rapid generation of a library of 

calix[4]arenes was executed as shown in Figure 3. While 

literature based methods for regioselective synthesis of upper-

rim substituted structures typically involves 5 (or more) 

synthetic steps to introduce a diversifiable functional group 

handle in the position of interest, we thought that direct 

desulfonylative substitution should be possible.58,59 Beginning 

with commercially available PSC4, addition of sub-

stoichiometric quantities of NBS delivered 35% yield of the 

mono-brominated derivative PSC3-Br, along with 50% 

recovered starting material. In all attempts to react PSC4 with 

other sources of bromine (i.e. Br2, or mixtures of bromide salts 

and oxidants) we saw no successful production of the desired 

PSC3-Br. Similarly, there existed precedent in the literature for 

the direct installation of an aromatic nitro group, at the expense 

of a sulfonic acid.60 Based on a literature report, we tested 

combinations of protic acids and sodium nitrite and found dilute 

HCl an acceptable choice. A similar result to bromination was 

achieved, where 35% yield of PSC3-NO2 could be obtained along 

with 40% recovered starting material. 

 Initial efforts towards the mono-bromination reaction had 

shown that multiply-brominated byproducts could be 

produced. Some of these had molecular masses and isotope 

patterns consistent with multiple brominations. While we were 

never able to discover reaction conditions that would cleanly 

convert starting PSC4 into di- or tribrominated scaffolds, we 

found that exposing purified PSC3-Br to our standard conditions 

generated a mixture of both possible disubstituted isomers as 

well as trisubstituted material. All of these isomers could be 

separated by HPLC in 44% combined yield with 40% unreacted 

PSC3-Br being returned. 

 With rapid routes to five different calixarene scaffolds 

established, we completed the synthesis of more than 40 

derivatives with minimal additional synthetic steps (Fig. 3: 

scaffolds A-E). Any of the mono-, di-, or tribromo scaffolds could 

Figure 3 Synthetic approach to a focused set of upper rim-substituted calixarene 

hosts, which yields 43 targets. 
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be elaborated via Suzuki coupling. Our optimized conditions are 

compatible with a range of simple arylboronic acids as well as 

more challenging heteroaryl and ortho-substituted coupling 

partners. 31 scaffolds were generated in this way, with mono-

substitution favored (20/31) mostly for the high aqueous 

solubility of host molecules that retain three sulfonic acid 

groups. From the nitro-substituted scaffold PSC3-NO2, 

reduction to the air-sensitive aniline followed by reaction with 

various sulfonyl or (thio)carbonyl electrophiles delivered an 

additional 11 hosts. The specific substituents added are 

enumerated in Figure 4. For the discussion below, the 

combination of a scaffold letter is followed by the substituent 

label to describe any given calixarene. The contents of the 

library are as follows: Scaffold A was elaborated with 8 para-

substituted aromatics (AP1, and 3-9), 2 meta-substituted (AM1, 

2), 3 ortho-substituted (AO1-3), and 7 heterocycles (AH1-7). 

Scaffold B (BP0, BP1, BM1, BH2, BH5), C (CP1, CP2), and D (DP2, 

DM1, DO2, DO3) were constructed with a small sub-set of those 

shown. All 11 ‘E’-labelled structures were connected through 

the aniline nitrogen on scaffold E to generate E1-11. Finally, the 

larger calixarene homologue PSC6 was also procured for 

binding studies. Including the starting material PSC4 and 

intermediate PSC3-NO2 provided 45 hosts for binding studies. 

 

Host-Guest Association 

 To determine the diversity of this library’s binding 

capabilities, we chose a set of post-translationally modified 

guests in which a relatively small change in modification is 

embedded within a larger (common) peptide structure (Figure 

5). All guests used in this study are peptides that are eight amino 

acids long, with the base sequence derived from the N-terminal 

tail of histone 3 (H3). The eighth position is tyrosine in all cases 

in order to aid UV detection during HPLC purification of the 

peptides. Each peptide has one specific post-translational 

modification, the identity and position of which is mentioned in 

the name. H3K4me2 for example is an 8-mer peptide made up 

of the first seven amino acids from the H3 tail (H3(1-7)). It has a 

tyrosine (Y) at its last position and lysine 4 is N,N-dimethylated 

(hence K4me2). All peptides had their N-terminus free (as in the 

native protein) and C-terminal amides. The exception is 

H3K9me3 peptide whose base sequence is H3(6-12) and has its 

N-terminus acetylated. 

 Indicator displacement assays (IDAs) provided rapid access 

to a complete understanding of each host’s binding selectivity 

among a panel of post-translationally modified peptides.29 All 

calix[4]arenes in the library bind lucigenin reversibly61 and 

quench its fluorescence, meaning that a single indicator can be 

used for all combinations of host and guest. Direct titrations of 

host into dye provided Kind, and competitive titrations of each 

Figure 4 Specific aryl substituents investigated in this work along with their 

corresponding library labels. 

Figure 5 Structures of all peptide guests evaluated. 
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peptide into host-dye complex provided the guest-binding 

constant Kd. A 96-well plate was laid out in order to 

accommodate duplicate 5- or 6-point titrations for every host-

guest combination (18 total titrations per plate), and control 

wells (see Supporting Information). All binding data are 

summarized in a heat plot in Figure 6. 

 Given the subtle differences in guest structure, a major 

question is whether this approach would create and identify 

hosts with significant differences in binding affinities and 

selectivities. The IDA data shows binding behavior that allows 

us to identify some qualitatively interesting trends that support 

the need for further analysis. Scaffold A is a consistent 

performer. Every scaffold A member binds H3K4me3 with Kd < 

1 µM. This is stronger than many proteins that bind Kme3 

peptides in vivo.62–65 The selectivity for H3K4me3 over H3K4 is 

also very uniform among scaffold A members with most 

compounds being 20-30 fold selective for H3K4me3. AP1 has 

the highest selectivity (>100 fold). Scaffold E hosts produced 

more diverse behaviors than scaffold A. In general, all 

sulfonamide containing hosts lost the affinity to N-methylated 

peptides with only E1 and E11 retaining meaningful affinity. 

Hosts E4/E5 and E11/E7 are two matched pairs in our library 

where the same aryl group is attached via sulfonamide (E4 and 

E11) and amide (E5 and E7) linkage. In both cases, the 

sulfonamide containing member appears to be a broadly worse 

host, to the point where E4 doesn’t bind anything at all. We 

attribute this result to the higher flexibility of sulfonamide 

linkages, which allow the aryl group to fold in toward the cavity 

of calix[4]arene. The behaviors of E6 and E8, which have a 

carbamate and a thiourea linkage, respectively, also 

corroborates this notion. The more flexible benzyl carbamate 

group of E6 can bend inwards and completely disrupts binding, 

while the tolyl thiourea group of E8 has geometric preferences 

similar to an amide bond, and thus retains binding. Evaluation 

of 10 compounds generated from scaffolds B and D revealed the 

differences between regioisomeric hosts. The most intriguing 

member from this subset is DP0 could not be analyzed by our 

standard IDA as it completely lost the ability to bind lucigenin (a 

first in our experience) while its isomer, BP0, binds lucigenin as 

expected. The monosubstituted analog AP0 (not included in this 

study) also binds lucigenin and has been reported elsewhere to 

bind methylated peptides.[29] This result becomes even more 

outstanding when we note that DO2 and DO3 show the 

expected binding to lucigenin. These compounds differ from 

DP0 only in terms of a single ortho substitution at each 

appended aryl ring. In a complete reversal, BM1 and DM1 have 

nearly identical binding profiles to each other. While it is 

important not to draw broad conclusions from this limited set 

of data, the chaotic behavior of this subset of molecules 

reinforces our understanding that the substitutions affect the 

binding behavior of calix[4]arene in seemingly unpredictable 

ways that make rational design difficult. 

 

Affinity Prediction by ML 

 Of the host structures measured in Figure 6, a handful were 

excluded from further analysis. Those that could not be 

accurately evaluated due to extremely weak binding (i.e. BH5, 

E2, 4, 9 and 10) were excluded. Given its structural dissimilarity 

to all other frameworks, PSC6 was also not included our ML 

analysis. Last, our procedure for generating an ensemble of 

conformers used the ANI-2x potential,66,67 which is not 

compatible with bromine. To be consistent across all models, E5 

was therefore also excluded. With 38 remaining hosts—each 

measured with 8 peptide guests—our dataset contained 304 

binding constants. After routine hyperparameter optimization 

(see Supporting Information), we conducted an initial top-level 

analysis of each network type using leave-one-out cross-

validation (LOO-CV). To mimic how such systems would 

function when evaluating a new calixarene host, the ‘one’ in 

leave-one-out refers to the calixarene host itself: all 8 individual 

data points involving that host are held out together. Using 

simple R2 as an initial metric, we saw a range of performance, 

with some networks having essentially zero predictive 

performance (SVM: 0.12, CNN: 0.06), graph-based models 

showing decent to good results (GCN: 0.61, AFP: 0.73), and the 

final approach at an intermediate value (RF: 0.33). 

Figure 6 Binding affinities between calixarene hosts and peptide guests as evaluated 

by fluorescence displacement assay. Color labels are of Kd as indicated in the legend. 
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 Deeper analysis, however, showed that these overall 

metrics might not be providing the most accurate analysis in all 

cases. As shown in Figure 7, when considering all predicted data 

points pooled together, it is true that the CNN model is 

essentially a vertical stripe (i.e. zero predictive power), while the 

slightly better performing RF is beginning to bend onto the ideal 

actual vs. predicted line on the diagonal. However, a different 

picture can emerge when individual hosts are considered 

separately. For the CNN—while the overall model appears to 

have no predictive power—AM1 is predicted almost perfectly—

better than by the RF. Considering AH5, it is true the CNN has 

significant systematic error. However, if one is most concerned 

as we are with binding selectivity, rather than absolute affinity, 

CNN again predicts the key behaviors of AH5 almost perfectly, 

as these points lie on a diagonal line parallel to the ideal. Neither 

RF nor CNN predict the behavior of E11 with enough accuracy 

to be useful and the difference between ‘bad’ and ‘truly awful’, 

respectively, has an impact on the overall R2 to the detriment of 

the CNN. 

 Therefore, we evaluated these models across several 

metrics, with a workflow of our thinking beginning with Figure 

8. When inspecting the results for each host individually, it 

became immediately obvious that all model types performed  

better on mono- or unsubstituted structures (i.e. scaffolds A 

and E, plus PSC4 and PSC3-NO2). In fact, only GCN and AFP had 

any predictive power for the 10 calixarenes selected from 

scaffolds B, C, and D. GCN and AFP typically show the worst 

outliers coming from these scaffolds as well, though the overall 

R2 is improved to a smaller extent by considering the two groups 

separately. Last, we wanted to account for the observation 

discussed in Fig. 7, where accurate trends in binding across 

peptide hosts was observed for some calixarenes, even if the 

absolute magnitude of the predictions was off. By considering 

relative binding (i.e. ln[Kd1/Kd2]), any trend predicted accurately 

would now fall on the ideal diagonal of an actual (relative) vs. 

predicted (relative) plot.  AFP is still superior by any considered 

metric, and this final transformation to relative affinity must be 

pursued with some caution, for reasons described below. 

 

Model Evaluations 

 Realizing that the complexity of AFP might be beyond the 

capacity of new entrants to the field, we have tried to further 

specify the trade-offs that can be made between this high-

powered model, and other simpler choices. For the discussion  

below, RF and CNN are detailed due to their contrasting 

behavior (vide infra), with corresponds analysis for SVM and 

GCN in the Supporting Information. We could think of two ways 

in which the performance of simpler models could be improved. 

First, given the improvement seen in RF and CNN when only the 

A/E/P scaffolds were considered, we took this idea one step 

further and trained/evaluated all models on only this focused 

dataset (again by LOO-CV). Second, we also considered that 

many applications for supramolecular systems are most 

concerned with selectivity between substrates. That is, the 

Figure 7 Predicted vs. actual plots for CNN and RF models. Scales are measurement of 

ln(Kd). Evaluation of predictions for single calixarene hosts do not necessarily match the 

overall trend observed. 

Figure 8 Different views of the dataset that became instructive in this work. 
Consideration of mono- or unsubstituted calixarenes vs. multi-substituted 
showed clear differences. Considering the predition of absolute affinity 

between one host and one peptide guest, versus predicting the relative 
affinity of two peptide guests (i.e. ln[Kd1/Kd2]) for the same host also showed 
significant differences between models (vide infra). 
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relative affinity of two different guests for a single host Kd1/Kd2. 

In our own work with these methylated peptides, one of our 

goals has been to develop chromatographic adsorbents that can 

improve the selectivity between post-translationally modified 

proteins.42 So, we also trained models of all types to make these 

‘relative’ predictions directly. With some straightforward math, 

networks trained to make such relative predictions can still 

evaluate absolute binding affinity. We wondered whether the 

increase in the size of the training dataset could improve the 

accuracy of simple models like RF. 

 A summary of the results are shown in Figure 9. When 

considering these two approaches—focusing the training data 

and/or explicitly targeting relative affinity—the three network 

types each show distinct behavior. RF is most sensitive to the 

homogeneity of the training data (Fig 9. Green vs. white rows in 

RF category). When scaffolds B/C/D are excluded, every 

relevant performance metric is improved with little sensitivity 

to whether absolute or relative affinity values were used for 

training. CNN displays the opposite behavior, where the 

composition of the dataset has little impact on performance, 

but training on relative affinity values improves both 

predictions of relative and absolute affinity (Fig. 9. White vs. 

grey rows in CNN). AFP displays a third, orthogonal behavior. 

Neither of these modifications improves performance in any 

meaningful way, with training on relative affinity values proving 

clearly destructive (Fig. 9. Orange vs. white rows in AFP). 

 A final evaluation of the robustness of these models was 

performed by holding out increasing amounts of data from the 

training set. When training on the full set that includes B/C/D, 

LOO-CV is equivalent to ~3% holdout. We evaluated the impact 

on performance (both absolute and relative R2) from holding 

out 25%, 50%, and 75% of calixarenes from the training set. The 

results are shown in Figure 10, and broadly reinforce the 

conclusions of Figure 9. CNN performance was not only 

significantly improved by training the network on relative 

performance, such training also allowed for performance to 

decline less dramatically as more data was held out from 

training. This analysis also appeared to delimit the amount of 

data that is necessary for AFP to maintain its significant 

advantage. In terms of both absolute and relative predictions, 

simpler models become competitive when less training data is 

available. Given the very small size of our starting dataset, it is 

not at all surprising that performance would decline to near-

zero when most of the hosts have been removed: the final 75% 

split would leave only a handful of hosts (9) for training. What 

is perhaps more surprising is the degree to which predictions of 

relative binding affinity persist across the different splits. This 

can most likely be attributed to one particular feature of the 

affinity dataset (vide infra). 

Conclusions 

 For researchers in supramolecular chemistry who would like 

to begin applying ML techniques to their own datasets, we 

believe that our results suggest there are two paths forward. 

For those groups with limited coding ability or limited access to 

GPU resources, ECFP fingerprint models can demonstrate some 

meaningful performance. In our specific case a random forest 

model proved to be more accurate, though we would 

encourage others to investigate multiple models as the results 

on our dataset were the opposite of what had been previously 

observe in a large survey of ChEMBL.48 While this approach is 

within reach even for groups that are completely new to the 

area, it did prove in our hands to be very sensitive to the 

construction of the dataset. While we were able to see by close 

inspection that A/E/P-type calixarenes worked together best as 

a training set, this was not necessarily obvious a priori. With 

limited resources, a group setting off to generate their own 

library of novel synthetic hosts might need every example to be 

an appropriate target. 

 AttentiveFP demonstrated impressive predictive 

performance across all calixarene scaffolds, especially when 

Figure 9 Analysis of different training styles, and different dataset composition for 

three representative model types. 

Figure 10 Impact of training set size on model performance. 
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considering the small size of the total dataset and the diversity 

of hosts. Beyond the necessity for more advanced skills, there 

was a second observed downside to this model. The predictive 

performance fell off more steeply as larger amounts of data 

were withheld from training, suggesting that our full dataset 

existed near the edge of applicability for this approach. Close 

inspection of Figure 9 also has a cautionary result for AFP: 

whereas CNN and RF showed better performance under some 

conditions when relative affinity was used as the training target, 

AFP showed strange behavior. While the prediction of relative 

affinity was largely unchanged, the prediction of absolute 

affinity diminished dramatically. Looking at the predicted vs. 

actual plots (Figure 11) immediately explains this behavior, as 

well as the observation from Figure 10 that even very small 

amounts of training data allow for acceptable prediction of 

relative affinity. 

 This can be best explained by considering the vertical stripes 

of orange diamonds in the top right plot of Figure 11. In effect, 

when trained on relative binding constants, the AFP model 

predicted nearly the mean Kd for each of the 8 peptides, 

learning only small adjustments to these mean values for each 

host structure. Given that even less effective models could 

predict relative affinity with R2 ~ 0.85, we reason that this is 

about the success one can achieve by quickly learning the mean 

binding constant for each peptide while mostly ignoring host 

structure. When directly training a ML tool to predict relative 

affinity, we would strongly encourage others to calculate 

performance based against a ‘null’ model, such as the mean 

absolute affinity value for each different analyte. For the system 

studied here, using the per-peptide mean delivers null models 

with R2 = 0.29 (all training data; A/E/P prediction only) and 0.42 

(A/E/P only training) for predictions of absolute affinity, with 

structure essentially identical to that shown in the top-right plot 

of Figure 11 (see Supporting Information: Fig. SI-69 and SI-70.)  

 In our eyes, many molecular host constructs should be as 

amenable to diversity-oriented synthetic innovation as the 

calixarenes were in our case. Parallel investigation of several 

guests geometrically increases the number of data points for 

machine learning, and also provides the opportunity to consider 

(or, explicitly train for) selectivity between guests. While there 

was not consistent behavior observed across ML models, the 

fact that a very simple model could deliver useful predictions in 

certain cases and an advanced model could deliver good results 

across the entire dataset is encouraging. The results here do 

speak to caution being necessary in dataset design. The highest 

performing AFP model was relatively robust to including 

unusual calixarene types during training, but performance 

degraded quickly as the amount of training data decreased. 

Simpler models likely have some utility for new entrants to the 

field, but were challenged by less common structure type—

both in terms of reduced performance for A/E/P predictions 

when training included B/C/D hosts, and in terms of these 

models’ complete inability to make predictions for B/C/D host 

types. When investigating the results within the A/E/P set more 

deeply, two of the three ortho-substituted hosts (i.e. AO1 and 

AO3) were among the worst predicted for both SVM and RF, 

further showing how these models may struggle to move 

beyond structure types well represented in the training set.  We 

hope that the workflow described here will prove to be a helpful 

starting point for other systems that lack large public datasets. 
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