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Abstract 

This paper presents a perspective on interpretable approaches to peptide design when, as is often the case, initial data 
is very sparse. It provides a worked example with discussion for the very earliest stage that one may can consider a 
“hunch phase”, when data is sparse and often circumstantial, and suspected activity and inactivity for many peptides 
is more correctly described as unknown. The very earliest steps involve bioinformatics and related aspects of 
computational chemistry approaches that are essentially standard, but their purpose is to generate all possible 
information for a final explanatory Glass Box AI approach involving use of a Theory of Expected Information 
developed for sparse data which is much less commonly described. They still have some novel or unusual features 
which make them well suited to that task, and glass box AI applied to peptides can itself be considered a recent form 
of bioinformatics.  The present discussion can also be considered as an early step in the design of traditional 
therapeutics, i.e. small organic “in-a-pill” drugs. This is because biologically active peptides can provide clues for 
design of small organics, help establish laboratory assays, and provide important information as to the action of 
agonists and antagonists, and as to safety. Also providing early data are cases where peptides have reached the 
marketing stage, but still have disadvantages, even being withdrawn, so increasing the demand for more traditional 
therapeutics that may not have the same problems. In other cases, there is data from viable peptide therapeutics 
where use is confined to one or few countries. Erythropoietic peptides for treatment of anemia provide an example 
of all these cases. 

Keywords: peptides; peptidomimetics; artificial intelligence; anemia; erythropoietin; sparse data 

1 Introduction 

1.1 Background 

The design and development of peptides have long been recognized as providing guidelines that could significantly 
reduce early research and development costs of small “in-a-pill” organic compounds [1]. The COVID-19 pandemic 
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in January 2020 stimulated an interest in the applications of computer-based knowledge management and Artificial 
Intelligence (AI) to the rapid design of peptides as anti-viral agents when information was initially limited [2], and 
2024-2025 saw a dramatic increase in the application of AI to therapeutic peptide design [3-6].  There, in many cases 
the initial data are relatively small as discussed below. Cases involving sparse data are widely recognized to be a 
difficult challenge for AI, but such cases are common across industries and there is currently great interest in 
developing methods to meet that challenge [7]. 

The traditional view has been that peptides as commercially viable pharmaceutical agents in themselves are limited 
by their sensitivity of the inter-residue peptide bond to gastric acidity and proteolysis, and with short plasma half-
life by enzymic hydrolysis and renal clearance. Nonetheless, the US FDA has approved of the order of a hundred 
peptide-based drugs, not only of value in themselves but also contributing to the information available for the design 
of convenient small organic compounds to treat the same important diseases. A major advantage of considering 
peptides in early pharmaceutical research resides is their biological character, allowing the more direct application 
of bioinformatics. One may borrow useful information about molecular recognition, as contained in genomes, and 
from three-dimensional protein structures when available. The human body naturally produces over 7,000 known 
peptide types, refined by millions of years of evolution to achieve their very high degrees of molecular recognition 
and function. Also, they have just 20 naturally occurring units in a linear sequence which puts them in stark contrast 
to the hundreds of chemical groups and units typically comprising a medicinal chemists’ toolkit, [8]. Starting with 
peptides also provides the opportunity to use various techniques in combinatorial peptide chemistry and phage 
display and mRNA display. 

There are, however, limitations that can make it difficult for many researchers to obtain extensive data early. 
Combinatorial, phage, and mRNA techniques are expensive to set up, require expertise, and are more characteristic 
of “Big Pharma”. For many smaller, e.g., academic groups, such techniques are not accessible, and results of their 
application in industry are not typically publicly available. Even for those researchers who do have access, early 
design of the experimental set-up still requires some kind of starting information, e.g., about the enzyme or receptor 
target. The approaches are also not perfect when used alone, e.g., due to unwanted effects of attached molecular 
labels to identify the compounds that bind to protein targets. Like the use of computational chemistry for small 
organic ligands, ligand-binding simulations can simulate the above experimental combinatorial approaches, but 
peptides are challenges because of their conformational flexibility [9]. 

1.2 Erythropoietic Peptides 

Anemia affects an estimated 30% of the world's population, and some 10-11% in industrialized nations [10], but 
there are at the time of writing no erythropoietic drugs available in pill form for oral administration. Not all causes 
of anemia justify the use of erythropoietic agents. Some causes are easier to treat than others [10], and some that at 
first consideration might seem simple to treat, like bleeding peptic ulcer, have their complications when considering 
therapy [11]. The natural protein hormone erythropoietin (EPO) [10] was a blockbuster commercial product that 
helped launch the biotechnology revolution. However, it is expensive, requires continued injection [10], and 
inconvenient as it requires refrigeration, essentially prohibiting the patient from any extensive travel.  EPO has  some 
450 million years of evolution, so it is a core player with many other actions, some of which may not always be 
wanted in clinical use. Success with small organic molecules to mimic EPOs [12] based on ideas similar to those 
used in the development of penicillin-like compounds [13] has been limited. For these reasons, there has been a 
significant effort to develop peptides, peptidomimetics, and other compounds more closely related to peptides with 
erythropoietic action [12,14-19]. Several peptides have been found to be erythropoietic and are mentioned in context 
below, but probably the most successful and almost certainly the earliest well-known peptidyl EPO receptor agonist 
was discovered by Wrighton and colleagues [17]. Using random phage display peptide libraries and affinity selective 
methods, they isolated small peptides that bind to and activate the EPO receptor. None of the above peptides clearly 
corresponded to sequences found in the primary sequence of EPO, though Cho and colleagues later found peptides 
with neuroprotective agonist effect by binding to EPO receptors that were drawn from the EPO sequence (see 
Discussion and Conclusions, Future Work). As was the case of GLP-1 and its semaglutide derivative, there has been 
the benefit of detailed structural data for erythropoietin and peptides deduced from it in complex with the receptor 



Concetta Press LLC Journal of Biomedical Informatics and AI 

Open Access • CC BY 4.0 • https://doi.org/10.5281/zenodo.20073063 3 

to aid design. The experimental three-dimensional structure of EMP1 bound to the EPO receptor is of particular 
interest here [20,21], though the mode of binding is not the same as that of EPO.  

Developing a commercial erythropoietic peptide (EPP) has been somewhat limited at the time of writing. It is the 
nature of drug discovery that this situation can change dramatically with new offerings prior to and after publication. 
The general principles discussed here will of course hold still, but there has arguably been a slowing down of efforts 
on EPP because past efforts have been subject to criticism [22-23]. Its use as a therapy is not always the best choice, 
because anemia can have several causes. There are always risks in new therapeutic compounds. Probably the most 
promising so far have been Pegmolesatide which is currently only marketed in mainland China with, at the time of 
writing no indications of being available in American or Europe, and Peginesatide, previously marketed in the U.S. 
and Europe but withdrawn due to safety issues. These and other erythropoietic peptides showing some promise have 
been peptidomimetics, meaning that there are chemical modifications to improve binding to protein target, reduce 
acidic and enzymic hydrolysis, reduce risk of immune response, reduce renal clearance, and improve 
pharmacokinetics such as ability to cross the blood-brain barrier. The emphasis has been on modifications known as 
PEGylation, cyclization, stapling (use of a covalent linkage between two amino acid sidechains, so forming a peptide 
macrocycle), and multimerization (e.g., Refs [15,17,18]). These are secondary steps in peptide development and are 
not considered here, except for a brief discussion of peptides made largely or entirely of D-amino acids. These are 
peptides that can map structure and function more closely to L-amino acids while having more desirable 
pharmacokinetic properties and can be readily applied to large peptides and even proteins [24]. 

1.3 Special Considerations 

The scenario exemplified by EPPs requires some special considerations discussed primarily in Theory and Methods 
Section 2. An important one is that great care must be taken in introducing peptides assumed to be inactive as EPPs. 
In the past, researchers applying analysis and prediction techniques to small organic molecules as potential drugs 
boosted the amount of input data by including essentially arbitrary compounds that were presumed to be inactive, 
i.e. highly unlikely to be active by chance but were really unknowns [8]. More recently, standard databases have 
been developed for that have not only been proven inactive but are also closer to those which are active [8]. This is 
important to define crisply the classification boundary between activity and inactivity of any chemical substance, 
but intuitively it should be particularly important for peptides with 20 different chemical groups falling into some 5 
classes of properties (e.g., large hydrophobic sidechain). Changes in activity with structure such as a single amino 
acid class change is likely to be more sudden, as indicated by effects of single amino acid mutations [25]. At the 
same time, we are interested in the case when true inactivity data is also sparse. This suggests that one picks inactive 
peptides that are not arbitrarily chosen but related to known active compounds by evolutionary or research processes.  
Estimates from many early computational chemistry and screening methods (e.g., Ref. [13]) predict active 
compounds that turn out to be inactive in 90-99.9% of cases make the hunch that they are inactive reasonable. 

2 Theory and Methods 

2.1 Overview 

The core features in this worked example involve the use of “Glass Box” algorithms that may be considered as Large 
Probability Models. These involve some lesser-known mathematical aspects and a reviewer suggested that a 
simplified overview might be provided in a “Biological Intuition” section (Section 2.7). These models replace 
arbitrary learned weights of neural net methods with large numbers of annotated joint (multifactor) probabilities and 
also provide simplified explanatory models [8,26]. See Section 2.5. Here partially arbitrarily distributed weights of 
neural net methods are replaced by high-dimensional probabilities or odds [26]. Applications to molecular design 
including DiracSmash [26] have more recently included several studies including a rapid response to the rise of 
Covid-19 [27-30] and for small organic compounds alongside contemporary AI approaches. This has also been to 
provide explanatory models and to guide synthesis from a typical set of initial studies by the medicinal chemist [8]. 
There, sparsity was to some extent compensated for by the entries that were mostly compositional, i.e. relating to 
the type and number of a large variety of chemical groups rather than by any notion of position in the formula. In 
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the present study, the theory and method are such that data used is not presented in a compositional way but depends 
on the type of amino acid residue at each location in aligned sequences, as is appropriate to peptides. 

2.2 Hunch Strategy and The Theory of Expected Information 

Purely irrelevant, arbitrary, or random sequences presumed to be inactive will tend to be ignored by the Theory of 
Expected Information (TEI) used here (e.g., refs [8,26]) because it weights contributions in a natural way according 
to the amount of data available. For example, the impact of 1 out of 5 observations would be included but carries a 
lot less expected information than 100 out of 500. Also, weak homology helps build the alignment and inclusion of 
irrelevant or arbitrarily chosen sequences presumed inactive introduces many insertions (gaps) to obtain alignment, 
so it becomes even more obvious that including irrelevant or random peptide sequences assumed inactive is not a 
useful strategy here because specific residue types occurring at aligned positions will be seen even fewer times.  Of 
course, data on inactivity is important where available (e.g., Ref [19]).  

 In Section 1.3 it was noted that drug discovery has made frequent use of data on compounds that are assumed 
inactive but are more correctly unknowns. This is inevitable in the present “hunch” model but the matters should be 
seen as representing some judicious Bayesian prior belief by the researcher. The TEI addresses not only sparse data 
but also inclusion of prior belief or knowledge from other sources. For example, conditional information, appropriate 
to predictions and estimation of the Likelihood Ratio etc. as discussed later below, is as follows.  

I(a|b)   =     (s=1, n[a,b]+v[a,b]) - (s=1, n[b]+v[b])    (1) 

Here a and b can each be joint events and in principle each a logical expression, describing a situation that is 
observable and countable. Parameter n relates to observed frequencies, i.e., counts of events in the dataset used such 
as [a,b] and [b], and v relate to virtual frequencies computable from prior Bayesian belief or external knowledge. 
The zeta function emerges naturally from integration of information measures over Bayesian posterior probabilities 
(see Ref [8] for discussion and references) and is defined as follows.  

(s=1, (n+v)) = 1 + ½ + ⅓ + …. + 1/(n+v)     (2) 

A simple example of a prior degree of belief re-expressed as a virtual frequency is to compute it from the Bayesian 
degree of belief as a probability times the total amount of data N. A good estimate is given by the following when 
mutual information (the natural log of an association constant) is required. Here n corresponds to the observed 
number of events n[a,b] and e[a,b] = n[a]n[b]/N is the expected number, in the familiar chi-squared sense, i.e.  

I(a; b)   =     (s=1, n[a,b]) - (s=1, e[a,b]])     (3) 

The above is a particular basic knowledge reference point to which further virtual frequencies may be added to n[a,b] 
and e[a,b], but it is sufficient that the values of (n+v)  for Eqn. 1 and (n+v) and (e+v) for Eqn. 3 are driven by the 
appearance of records in the database.  To provide input to obtain the analogue of a training set which takes account 
of v as further external knowledge, a variety of knowledge gathering tools, bioinformatics, and three-dimensional 
structure data concerning interactions (here between the target protein and erythropoietin and peptides found 
erythropoietic), are important [33-38]. In this case, the sequences represent degrees of belief about factors dictating 
activity or inactivity that are included in the alignment and appear as the effective count (n+v) or (e+v). 

An unusual feature is the idea that sequences possibly related by evolution and serving some other function by some 
criteria but likely to be inactive as therapeutic agents are used. Studies have suggested that receptors often have 
weakly homologous sequences to their peptide or protein ligands and this has been put on a rational basis by Dwyer 
[31]. Peptides so defined could in principle be treated as potentially active peptides but extensive substation into 
different residue classes have occurred in the evolutionary process [25]. The assumption of inactivity is further 
boosted when Dwyer’s principle is combined with information from structural data (Section 2.3). Evolved activity 
relevant to therapeutic effect would appear unlikely as it involves complementary residue-residue interactions, not 
residue matches. However, general hydrophobic-hydrophobic, hydroxyl-hydroxyl interactions, and cation bridges 
between sidechains of same charge could conserve binding features relevant to activity [25]. 
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2.3 Sidechain-Sidechain Interactions in Peptide Binding 

Particularly persuasive assumptions of activity or inactivity can be derived from experimental three-dimensional 
structure data providing insight into the physical nature of relevant ligand-receptor interactions. While such analyses 
are usually considered as implying the use of computational chemistry [33-38], calculation of free energy with 
entropy may be less reliable than empirical measures of binding between ligand and receptor residues [30,36,37]. A 
detailed molecular dynamics simulation would add refinement to the results of such a study [38] but requires very 
substantial resources to compute reliable entropies of the protein-ligand-solvent system, unsuited to an initial 
feasibility study. The method used here [30] appears to be particularly effective for present purposes. The sidechains 
of peptide-receptor interactions are essential for molecular recognition because they confer specificity. The method 
treats the sidechain more precisely as the outer part of the sidechain which carries molecular recognition, from the 

C carbon outward except for glycine and alanine that use C and C atoms respectively. In the examples in Results 
Section 3.1, the digits under the amino acid residues in standard one letter (IUPAC) code are the exposure scores, 
ranging from 0 to 9. X means a degree of exposure score of 10 or more, and again in practice almost always means 
10, especially in the present study. A useful procedure [30] is to explore the exposure scores for the receptor in the 
absence of the coordinates for the ligand, and then when the ligand coordinates are replaced. Even more importantly, 
one can explore the exposure scores in the absence of the coordinates for the receptor, and then when the receptor 
coordinates are replaced. Where residue sidechains are buried by the ligand-receptor interaction, the exposure score 
is expected to fall, and a fall of the score by 3 is usually considered particularly significant. 

2.4 Source Peptide Sequence Data 

While the maximum datasets studied comprised 5000 sequences assumed inactive from aligned weakly homologous 
sequences or irrelevant or random sequences, playing at best a peripheral role in the sense discussed in Section 2.2.  
To provide the reliable small core portion of the data, Refs [12-15,17-20,32,39-45] were important sources, or 
provide references to real experimental activity data used in this study (they also provide information useful to help 
for the design of analogues with D-amino acid residues [24,46]). The curated and aligned dataset for data accessible 
at the time of the study and used for training by the Glass Box approach comprised 111 sequences. This was 
considered appropriate to be a good test of very sparse data analysis. The method of obtaining appropriate references 
for that data was automatic searching of the Internet somewhat in the manner of Large Language Models but 
including links with date and time stamps to primary and other sources [27-30]. The first-pass agonists of Wrighton 
et al. [17] were important. They are represented by a 14-amino acid disulfide-bonded, cyclic peptide with the 
minimum consensus sequence YXCXXGPXTWXCXP, where X represented positions allowing occupation by 
several amino acids [17]. Of particular interest is a peptide called EMP1, now considered as 
TYSCHFGPLTWVCKPQ [18] with diglycine GG added at the N- and C-termini, making it a 20-residue peptide 
overall. Methods based on partially summated zeta functions for making use of sparse data based on the TEI [47,48], 
can modify the counts based on the sequence data in a natural, theoretically sound way to include prior belief but 
that was not done here for active peptides. Other data, notably such as the empirical parameters representing residue 
exposure and free energy estimates of residue interactions are beyond present scope were obtained from Refs 
[36,37,49]. 

2.5 Knowledge Element Tags, Queries, and Query Guidance 

Several “Glass Box” Machine Learning methods are available in the suite developed by the author, but those used in 
this study were QFANO, DiracMiner, and importantly DiracSmash [26]. All provide association (disproportionality) 
constants and a fuller set of relevant measures, such as odds, respectively. A common feature is that that they generate 
probabilistic knowledge elements or “tags” for patterns found one or more times. These are the annotated 
probabilities mentioned in Section 2.1. They follow the Dirac notation and algebra in the sense described in Ref [26]. 
Many thousands of these can then be assembled into a prediction network. An example tag generated by DiracSmash 
in one study is as follows. 

< 'Active':='eq yes' Pfwd:=1.0000 Ofwd:=2.0368 Efwd:=0.2500 | if:=(assoc:=7.3703, count:=1, factors:=(3,5)) | 
'12':='eqP' '17':='V' with '25':='L' '10':='W' Pbwd:=0.2883 Obwd:=13.2823 Ebwd:=1.8750 > 
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These tags contain important additional information for assembling prediction networks and making and verifying 
predictions, and for analysis and reusability, explanation of which is beyond present scope, but note that Obwd (odds 
backward) corresponds to the Likelihood Ratio discussed in Section 2.6. Also, there are attributes 'Active':='eq yes' 
followed by '12':='eqP' '17':='V' with '25':='L' '10':='W'.  These represent 'Active':='eq yes' as the target to predict as 
active when valine occurs at position 17 '17':='V', leucine at 25  '25':='L', and tryptophan at position 10 '10':='W' 
(note the use of the standard IUPAC one letter code for amino acid residues).  

QFano and DiracMiner are unsupervised datamining methods: they perform a high dimensional (multifactor) data 
analysis of any structured dataset to generate the above measures. Particularly important for predictions, however, 
is  DiracSmash that produces a prediction from a query when given as data a named file with a specified range of 
records as the “training” or test set as appropriate.  The prediction target in the present case is active:= 'eq yes' versus 
active:=’ne yes’  meaning active:=no, followed by specification of several attributes '12':='eqP' '17':='V' with '25':='L' 
'10':='W'. The attributes preceding the ‘with’ operator are required by the query to be present in all tags, and those 
following that operator are generated by unsupervised data mining (with less sparse data they may extend up to 4 , 
5, or 6 further attributes dependent on version).  An important qualification of the above is that the query can specify 
independent attributes of which at least one must appear to the right of ‘with’. By “independent” is meant that they 
are to be treated as interdependent with the target and previous attributes, but treated independently of each other. 
Even when data is sparse, a query can contain many attributes. For example, a major  query of interest in the study, 
discussed in Results Section 3, is (in briefer notation) active:=yes, 3:=G, 4:=G,  5:=T, 6:=Y 8:=C, 9:=H, 9:=K, 12:=P, 
14:=T,  15:=W, 15:=F, 15:=W, 16:=H,17:=V, 18:=C, 20:=P, 20:=A, 21:=V, 21:=G, 22:=G, 23:=G, 25:=L, 26:=R, 
27:=S, 29:=x, 34:=A. Here it was with '12':='P', and '17':='V' as entered as interdependent attributes and the rest as 
independent attributes. If the data will not support such a query, the user is notified. Overall, the DiracSmash 
algorithm proceeds in the following steps. 

1. Read the query as the target (e.g., active:=yes), plus a list of descriptors (attributes) such as 3:=G which are 
interdependent with each other and the target, plus a list of similar descriptors that are independent of each other but 
interdependent with the target and the interdependent descriptors. 

2. Perform a preliminary fast mining to obtain self-probabilities such as P(3:=G) and various values required for 
speeding algorithms and memory management (of the implied combinatorial explosion that generates large numbers 
of tags) [26].  

3. Perform an exact traditional calculation of Predictive Odds (PO) and Likelihood Ratio (LR) for the target (active 
versus inactive) based on direct counting of activity and inactivity with the descriptors on the list of interdependent 
variables. If there is insufficient data for the exact calculation, so requiring use of independence assumptions, weaker 
descriptors on the interdependent list are determined and moved to the independent list.  

4. Generate a reduced data set (fewer records) in which all records include all the descriptors on the list of 
interdependent variables. 

5. By mining the reduced data set (from step 4), build an inference net [26] composed of all generated tags (see 
above) to predict the PO and LR using information from preliminary mining (step 2) so that they are equivalent to 
the result of analysis of the original full dataset. A typical inference net constructed in the present study typically 
contained 126,925 tags but occasionally as few as 4,323 tags. 

6. Compare the PO and LR predicted by the inference net with that obtained by exact traditional calculation (step 3) 
and calculate correction factors for applying the “perturbation method” [26]. This is because any inference method 
(and implicitly current AI methods) is an estimate: it makes many independence assumptions that neglect 
interactions. 

7. Apply the descriptors in the independent list by removing tags that do not contain at least one descriptor on the 
independent list. A typical inference net in the present study at this stage contained 27,657 tags but minimally 942 
tags. 
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8. Apply the correction factors from step 6, regularize and normalize the inference net and show that the probabilities 
involved are “coherent”, primarily meaning that they satisfy Bayes’ Rule, here P(active | descriptors) P(descriptors) 
= P(descriptors | active) P(active). Report PO and LR. 

9. Generate a simplified explanatory model and test it on a user-selected test set. There are several tunable options 
of model right up to the full calculation used in step 8. The simplest option used in the present study and elsewhere 
(e.g., Ref [8]) is that a record predicted as active contains a minimum fraction or more of the descriptors in the query, 
interdependent and independent descriptors being given equal weight. The minimum fraction is the threshold 
underlying ROC curve construction [26].  

For fuller details, see Ref [26]. Although the algorithm is general, it was originally developed for the case when the 
query was the description of a specific patient, on which a prediction would be made using information mined from 
many patient records. For the present study, the appropriate query (in terms of separate interdependent and 
independent descriptors) is not always so obvious. To help select entries for the query, an initial phase of 
unsupervised datamining, i.e., without any query, is performed to provide the query as top-ranked associated 
attributes. This can be provided by DiracSmash itself, though typically it is done by a separate code lacking the role 
of the query, for efficiency, and which of obtaining high-dimensional information, probabilities etc. involving many 
attributes. The mutual information here is based on Eqn. 3.  The order of ranking of joint events for s=1 is preserved 

by using other values of s in (s, n) which express various surprise measures, but Eqn. (2) uses s=1 in this study and 
is taken as the definition of information, related to information as logarithms of probabilities.  See Refs [47,48] for 

discussion of the Euler-Mascheroni “constant” Euler-Mascheroni constant  = 0.57721…, such that loge(n) +  = 

(s=1, n), Lt n → ∞. It is more correctly described as a function, but in either case it essentially cancels in Eqn. 1 
and Eqn. 3. In the present study of very sparse data many investigations involved just one or very few observations, 
so the probabilities and odds and association constant on the tags used the option of being reported and used based 

on the Theory of Expected Information, i.e., functions ( ) as described above. Note that this aspect is extremely 

important for the use of very sparse data. Replacing the functions ( ) by traditional measures based on logs of ratios 
of counts in preliminary studies showed deterioration of predictions in the range of 75% to 92% accuracy to 55% to 
70%. 

2.6 Measurement of Predictive Capability 

There are two kinds of predictions made by DiracSmash. Predictive capability is tested both for the “Large 
Probability Model” that imply many tags, and for simplified models. The simplified models are useful because, 
combinatorically, many thousands or millions of tags (but only up to about 126,925 in the present sparse data study) 
are generated from a test set. Tags are individually intuitively comprehensible to the human researchers but 
collectively overwhelming. The optional explanatory model used was the simplest of the simplified models. It 
involves DiracSmash calculating what fraction (e.g., 70%) of the descriptors such as 9:=H, 9:=K, … in the query are 
actually found in each specific peptide. It is then compared with a minimal required fraction to predict Active:=yes, 
otherwise Active:=no. For the “training” set and for the test set overall, that minimal fraction used represents an 
adjustable decision threshold, so having established the numbers of true and false positives and true and false 
negatives for predicting activity, a standard ROC curve plotting true against false positives, as a result of increasing 
the thresholds at small intervals from 0% to 100%, can be constructed [8,26]. Note that the use of the method is 
objective compared to much use of the ROC curve in the literature (see Ref [26] for discussion). The optimal 
threshold is established only for the “training” set and then becomes a fixed part of the simplified predictive model, 
which is then applied to the test set for independent validation which is now uninfluenced by any prior knowledge 
of the test set. The fixed threshold is established from the “training” set  by finding the optimal value of the following 
for predictions. This can easily be done by an exhaustive search as it essentially corresponds to tracing out the 
adjusted decision threshold that is responsible for plotting out an ROC curve [26].  

Quality% = (accuracy%) – wbalance x (sensitivity% –specificity%)2      (4) 
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Multiplier wbalance is set at 0.01 in the present studies. Quality% favors solutions in which sensitivity and specificity 
are reasonably balanced, which is the usual preferred case unless there are specific reasons for emphasizing 
sensitivity over specificity or vice versa.  

Other well-known measures are positive Likelihood Ratio LR+ and negative Likelihood Ratio LR- which in the 
present case would correspond to predicting active and inactive respectively. LR+ = LR, the basic LR as discussed 
above. While one may use LR+ or LR-  to optimize performance in a ROC curve study, the use of Diagnostic Odds 
Ratio DOR = LR+/LR- is currently popular. Expressed in terms of the incompletely summated zeta function it is as 
follows.  

DOR ≈  e(s=1,TP) + (s=1,TN) - (s=1,FP) - (s=1,FN)    (5) 

Another estimate of predictive capability can readily be given by the LR, and it has special relationship with the use 
of Equations such as Eqn. 4 and the point on the ROC curve at which accuracy = sensitivity = specificity. Eqn. 4 
estimates this with some “slack”. Recall first the following. 

accuracy = (sensitivity) (prevalence) + (specificity) (1 - prevalence)    (6) 

When sensitivity = specificity, the above implies the following. 

LR+ = sensitivity / (1 - specificity) → accuracy / (1- accuracy)   (7) 

LR-  = (1 - sensitivity) / specificity → (1- accuracy) / accuracy    (8) 

At the balance point of sensitivity = specificity then for LR+ (i.e., LR) the following applies. 

Pred = LR / (1+LR) = accuracy = sensitivity = specificity    (9) 

In typical use, the DOR and Pred = LR(1+LR) for LR > 1 usually vary rather little along the ROC curve in the 
approximate vicinity of the point of inflection. The DOR typically increases only approximately 6%-7% at thresholds 
of 5% and 95% (i.e. near the two ends of the ROC curve) in other studies. 

2.7 Biological Intuition 

Previous papers describing the method (e.g., Refs [8,25]) and the formal basis of the tag in Section 2.5 have their 
roots in the notation and algebra of Dirac for quantum mechanics, but for the present paper those aspects of the 
technology can be ignored when consulting the source references cited. That is because the inference nets constructed 
are odds inference nets of relatively simple form considered as acting in only one “direction”, the direction concerned 
with Likelihood ratio LR.   

What cannot be ignored is the use of zeta functions ( ) because these are required for the management of sparse 
data, including combining it with more plentiful data. Eqns. 1-3 and associated discussion are given here because 
this paper essentially seeks to suggest a formal approach to sparse data in pharmaceutical research. Recall that, 
ultimately, the general problem addressed is that seeing 2 out of 5 occurrences of something, i.e., 2 that it is the case 
and 3 that it is not, provides less information than 200 out of 500 observations. Considering a test procedure as 
“underpowered” and basically stopping and awaiting more data is the standard procedure in the kind of frequentist 
statistics taught in high school, but that is not an option in the present study. The situation is somewhat like the 
situation in a Court of Law when a great deal of weak or circumstantial evidence can add up to outweigh the 
judgement that would be made without it. The amount of information that probabilities and odds carry when the data 
used to calculate them were sparse are not arbitrary empirical and guesses at numbers but formally established 
quantities as the expected value of log ratios of probabilities based on the use of the well-known Bayes Rule. The 

full theory with s > 1 in (s=1,…) is important for future developments of the present project where there is need 
for other kinds of surprise measure and for its combination with Dirac’s quantum theory adapted as a data analytic 
tool, but for the present paper it suffices to say the following. If a pattern in a peptide sequence is seen as associated 
with activity for the first time then the information obtained is 1 nat (natural unit), the second time we gain 1/2 nats 
as it is less of surprise, the third time add 1/3 nats, and so on till we complete n observations and overall gain 1 + 1/2 
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+ 1/3 +…+ 1/n nats. Then we may do that again for inactivity, say obtaining 1 + 1/2 + 1/3 +…+ 1/m nats and subtract 
that sum from the first. This calculation quickly converges to natural log(n/m) as data, i.e., as the number of 
observations n and m, increases, but use of that traditional measure is not desirable. As discussed in Section 2.5, 
preliminary studies showed deterioration of predictions in the range of 75% to 92% accuracy to 55% to 70%. This 
is because many contributions involve very small counts and would disproportionately contribute to the overall 

information as a weight of evidence. The added v in (s=1, n+v) (Eqn.1) is a formal means of introducing belief and 
prior or external knowledge. It is equivalent to including active and inactive sequences as records in the analyzed 
data, where patterns in them contribute the counts v. 

3 Results 

3.1 Preliminary Studies 

Preliminary test studies were performed on an aligned set of 27 erythropoietic peptides related to those of Wrighton 
and colleagues [17,18] of which TYSCHFGPLTWVCKPQ (with diglycine GG added at the N- and C-termini, 
making it a 20-residue peptide overall)  is a representative member. They defined a disulfide-bonded, cyclic peptide 
with the minimum consensus sequence YXCXXGPXTWXCXP, where X represented positions allowing occupation 
by several amino acids [17]. Table 1 was obtained for preliminary associations expressed as mutual information 
measures, up to associations of 3 amino acid residues at a time.  Though only the top 20 associations are shown, 
attributes mentioned in associations including Active:=yes of 2.56 nats (natural logarithmic units) or more are 
selected as the DiracSmash query. That means a threshold of an association constant of 13 or more, i.e. the number 
of occurrences of the cluster compared with what would be expected on a chance basis (based on individual 
probabilities of the attributes). Note that the numbering of positions in the method, e.g., 20:=P, relies on using  

 
information event1 event2 event3 event4 

2.15 20:=P 3:=G 4:=G Active:=yes 
2.11 18:=C 20:=P 4:=G Active:=yes 
2.1 18:=C 3:=G 4:=G Active:=yes 

2.07 3:=G 4:=G 8:=C Active:=yes 
2.06 20:=P 4:=G 8:=C Active:=yes 
2.05 18:=C 20:=P 3:=G Active:=yes 
2.02 17:=V 3:=G 4:=G Active:=yes 
2.01 20:=P 3:=G 8:=C Active:=yes 
2.01 18:=C 20:=P 8:=C Active:=yes 
1.99 3:=G 4:=G 9:=H Active:=yes 
1.96 17:=V 20:=P 4:=G Active:=yes 
1.94 17:=V 20:=P 3:=G Active:=yes 
1.94 16:=x 3:=G 4:=G Active:=yes 
1.94 14:=T 3:=G 4:=G Active:=yes 
1.93 15:=W 18:=C 5:=T Active:=yes 
1.92 15:=W 18:=C 20:=P Active:=yes 
1.91 18:=C 4:=G 8:=C Active:=yes 
1.91 20:=P 4:=G 9:=H Active:=yes 
1.91 18:=C 5:=T 8:=C Active:=yes 
1.91 15:=W 20:=P 4:=G Active:=yes 

Table 1. Mutual information in natural logarithmic units for patterns found in the initial small collection of peptides of interest for 
developing erythropoietic peptides. 
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sequences aligned in the same consistent way rather than the formula representing the actual structure of the peptide 
with deletions removed. It is thus important to allow a sufficient but not excessive number of deletions. Deletions 
do not appear in the top 20 (Table 1) except for 16:=x in the 13th row of Table 1. In practice, the algorithms used 
represented deletions in bioinformatics sequences by the lower-case character ‘x’, which is not to be confused with 
‘X’ usually used in bioinformatics to indicate that many different amino acid residues will do at that locus. Because 
of the original clinical applications, X’  was managed as if  it were an unknown value in the data, i.e. it was presented 
in the data as a blank or by the word ‘unknown’. 

Extension from 27 to 111 records was done (a) by using BLASTP to find homologous but not identical sections of 
protein sequence 36 residues long including deletions or shortening to 16 residues by end residue deletions, (b) 
making at least one manual radical non-conservative substitution, e.g., a hydrophobic leucine L to charged aspartic 
acid D or vice versa, and (c) by applying the following techniques  (Section 3.2 to 3.5). 

3.2 Extending the Data Set: A. Sidechain Interactions Important in EMP1-Receptor Binding 

Attention was given to human EPO, the human receptor, and EMP1, using Protein Data Bank Entries such as 1EBP, 
complex between the extracellular domain of erythropoietin (EPO) receptor [ebp] and an agonist peptide [EMP1], 
see Fig 1, relating to Ref [25]. See also PDB entries for 1EER, the crystal structure of human erythropoietin 
complexed to the receptor at 1.9 Angstroms, and 1ERN, native structure of the extracellular domain of erythropoietin 
receptor at 2.4 Angstroms. The following code names areas used in those entries. The primary sequences of particular 
interest are as follows. 

>1EER_1|Chain A|ERYTHROPOIETIN|Homo sapiens (9606) 

APPRLICDSRVLERYLLEAKEAEKITTGCAEHCSLNEKITVPDTKVNFYAWKRMEVGQQAVEVWQGLALLSEAVLRGQALLV
KSSQPWEPLQLHVDKAVSGLRSLTTLLRALGAQKEAISNSDAASAAPLRTITADTFRKLFRVYSNFLRGKLKLYTGEACRTGD
R 
 
>1EER_2|Chains B, C|ERYTHROPOIETIN RECEPTOR|Homo sapiens (9606) 
REFPPPNPDPKFESKAALLAARGPEELLCFTERLEDLVCFWEEAASAGVGPGQYSFSYQLEDEPWKLCRLHQAPTARGAVRF
WCSLPTADTSSFVPLELRVTAASGAPRYHRVIHINEVVLLDAPVGLVARLADESGHVVLRWLPPPETPMTSHIRYEVDVSAGQ
GAGSVQRVEILEGRTECVLSNLRGRTRYTFAVRARMAEPSFGGFWSEWSEPVSLLTPSDLDP 
 
>EMP1 
GGTYSCHFGPLTWVCKPQGG   

It is helpful that the X-ray structure of the EPO receptor complex with EMP1 (PDB entry 1EBP) showed an 
approximately overall symmetric EPO receptor homodimer complex with a EMP1 homodimer as ligand. See Fig. 1. 

 

Figure 1. X-Ray Crystallographic Structure 1EBP of the EPO Homodimer Receptor Binding the Synthetic Agonist EMP1 
Homodimer, showing the high degree of symmetry. 

For analysis of interactions for drug development it is almost always sufficient to study interactions between one 
member of the receptor homodimer and one member of the EMP1 ligand homodimer. The terminal GGs were not 
shown and so presumably disordered (conformationally highly flexible) [30]. Although it is reasonably presumed 
that this represented an active agonistic form of the complex, the mode of binding and the conformation of the 



Concetta Press LLC Journal of Biomedical Informatics and AI 

Open Access • CC BY 4.0 • https://doi.org/10.5281/zenodo.20073063 11 

receptor were considerably different to the asymmetric structure obtained with EPO as ligand. Middleton et al. [19-
21] correspondingly noted that there were some determinants of the of the EPO receptor that are important for 
binding EPO and EMP1, but also some unique to binding EMP and EMP1. 

Exploring interactions involved in ligand-receptor binding is primarily to be seen as a help in establishing an initial 
alignment frame. The first of the following two sets of output show the exposure score for the sidechains of chain A 
of the receptor in the homodimer (chains A and B) without EMP1 homodimer (chains C and D) coordinates.  The 
second shows the sidechain of chain A exposures with the EMP1 homodimer replaced, i.e. the full set of reported 
coordinates for the PDB entry 1EBP. The results representing this process for chain B of the receptor are omitted for 
brevity since they are similar as the symmetry of Fig. 1 would suggest, especially in the region of EMP1 homodimer 
binding. The departure from symmetry is about the same as the EMP1 agonist as will be discussed next, which is 
the more important molecule for present purposes, i.e., as far as design of novel peptides and peptidomimetics is 
concerned.   An additional feature is a second row of exposure scores called “smoothed”: each score at a locus I in 
the residue sequence is the average from i-5 to i+5 and is useful in indicated an overall exposed surface loop. The 
string NYS in the amino acid residue sequence represents a covalent glycosylation site but no such site was involved 
in the binding of EMP1. Those expected to have a significant reduction on binding, by visual examination of the 
graphics display of the ligand-receptor complex, are shown in italic and underlined. They represent main parts of the 
5 visibly rather obvious EMP1 binding loops that several authors have discussed and which were apparent in Fig. 1. 
Those sidechains appearing to have particularly strong interactions on the above basis are shown in bold font.  

KFESKAALLAARGPEELLCFTERLEDLVCFWEEAASAGVGPGnYsFSYQL 50 (59) +59 
XXX69555989X9X7927350554833334154878XX666863632233 
XX998888888888766655544444444555666677777655445445 
EDEPWKLCRLHQAPTARGAVRFWCSLPTADTSSFVPLELRVTAASGAPRY 100 (109) +50 
79384684915559387843505263688527485734251325877953 
55566665656666565555555555555666655454444455556666 
HRVIHINEVVLLDAPVGLVARLADESGHVVLRWLPPPETPMTSHIRYEVD 150 (159) +50 
7754521721536515727386399766332617615X369677151323 
65544444434444455555666665555544545556666554544444 
VSAGNGAGSVQRVEILEGRTECVLSNLRGRTRYTFAVRARMAEPSFGGFW 200 (209) +50 
3655XX77XX765X37437465646X587X48343213053379742364 
55567777887777665555656666766665544333444445555555 
SAWSEPVSLLT 211 (220) 
2752X745574 
55555565665 
 
KFESKAALLAARGPEELLCFTERLEDLVCFWEEAASAGVGPGnYsFSYQL 50 (59) +59 
XXX69555989X9X7927350553833334154878XX666863632233 
XX998888888888766655544444444555666677777655445445 
EDEPWKLCRLHQAPTARGAVRFWCSLPTADTSSFVPLELRVTAASGAPRY 100 (109) +50 
79384684915559387843505263688525244734251325877953 
45566665656666565555555555555555544443444455556666 
HRVIHINEVVLLDAPVGLVARLADESGHVVLRWLPPPETPMTSHIRYEVD 150 (159) +50 
7754521721536515727386399766332617615X341345151323 
65544444434444455555666665555544544444444443333334 
VSAGNGAGSVQRVEILEGRTECVLSNLRGRTRYTFAVRARMAEPSFGGFW 200 (209) +50 
3655XX77XX765X37437465646X587X48343213053378632364 
55567777887777665555656666766665544333444444545545 
SAWSEPVSLLT 211 (220) 
2752X745574 
55555565665 
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Considering the EMP1 homodimer, i.e. the complete coordinates for the whole ligand-receptor complex (the second 
set of scores) only has a strong effect on decreasing exposure in two cases, SSFVPLEL for which exposure scores 
74857342 fall to 52447342 in which only the phenylalanine (F) sidechain shows a fall from 8 to 4. The second, 
TPMTS, shows a fall from 369677 to 341345 where the fall for the methionine (M) sidechain from 9 to 1 is 
particularly marked. Experimental substitution studies by Middleton and colleagues [19-21] indicate that Phe (F) 93 
and Phe (F) 205 are important for both EPO and EMP1 binding, though in the present study PSF the exposure scores 
fell only marginally, from 974 to 632, i.e. only by 2 for that Phe 205. Met 150 is not important for EPO binding but 
is important for EMP1 binding, supporting the marked fall for that sidechain as indicated above. Thr (T) 151 was 
found to be not important for binding either ligand [26], despite the apparent interaction with the EMP1 ligand noted 
by Middleton et al. and the fall in exposure score from 6 to 3. Though EMP1 has no obvious sequence or structural 
homology (but see Section 2.2), it suggested that residues may represent a minimum recognition surface for binding 
to the receptor [26]. That RLED  and RLED showed virtually no reduction in exposure might simply be assumed to 
suggest that visual inspection is an inadequate procedure, but these are central parts of two of the 5 binding loops 
noted by many authors including Middleton et al.  

The following is a condensed representation of the output from the same sidechain exposure algorithm as used above 
[19] but now applied to sidechains in the EMP1 peptide agonist [19]. Again, X means a degree of exposure of 10 or 
more, and again in practice it almost always means 10. The first row of exposure scores is for the set of reported 
coordinates for the PDB entry 1EBP for just one chain (C) of the EBP1 ligand homodimer, i.e. the second EBP1 
chain (chain D) and the coordinates for the whole of the receptor homodimer have been removed.  The second row 
is the same but for chain D. Note that the symmetry of exposure scores is not perfect, but (noting that X is 10 in this 
case), they are very similar as Fig. 1 suggests.  The third row gives scores for the chain C of the whole EBP1 
homodimer (chains C and D) but still without receptor coordinates. The fourth row gives scores for the chain D of 
the whole EBP1 homodimer (chains C and D) but still without receptor coordinates. Again, note the reasonable 
similarity as the symmetry in Fig. 1 would suggest. The fifth row is for chain A for interactions in the whole ligand-
receptor complex (chains A, B, C, D) as reported in PDB entry 1EBP.  The sixth and last row is the same but for 
chain D. As for the individual chains in the EMP1 agonist homodimer, there is evident symmetry though not quite 
as perfect in this case.    Recall that all these do not, and are not intended to, consider conformational changes on 
ligand binding, rather they reflect interactions between residues of importance as arise in the final overall ligand-
receptor complex. The amino acids in bold and underlined are those which are exposed in both the EMP1 monomer 
and EMP1 homodimer, and for which exposure decreases by 3 or more units. Details specifying what interacts with 
what are not revealed by this method used alone but note that glutamine (Q) sidechain of EMP1 hydrogen bonds to 
the glutamine sidechain on other EMP1 strand. C and D represent the two chains in the EMP-1 homodimer structure, 
corresponding to the notation used in the EMP-1 PDB entry.  

  TYSCHFGPLTWVCKPQ EMP1 primary structure 
(1) X7127909X8832758 Isolated EMP1 one-chain structure (C)from 1EBP 
(2) X7106X09X8720467 Isolated EMP1 one-chain structure (D)from 1EBP 
(3) 7510783XX9753878 Isolated EMP1 homodimer structure (C+D)from 1EBP(C) 
(4) 7620693XX9652677 Isolated EMP1 homodimer structure (C+D)from 1EBP(D) 
(5) 9220X51X96672X3X EMP1 dimer plus receptor structure in 1EBP (C) 
(6) X330852XX4661749 EMP1 dimer plus receptor structure in 1EBP (D) 

The implications in terms of binding energy and importance for agonist activity are discussed later below. For the 
moment, it may be noted that the trend in decreasing exposure on EMP1-receptor binding is consistent with the 
observations of Middleton et al. [19-21] who noted Phe 93, Met 150, and Phe 205 of the EBP interact with Tyr (Y) 
4, Phe (F) 8, Trp (W) 13, and Cys (C) 15 of the EMP1 peptide to form the main hydrophobic core of the interaction 
between EBP and EMP1. However, the decrease of exposure of tryptophan W and cystine (C) on binding is 
significantly less, and proline seems significantly buried on binding, at least by the criteria of the method in Ref [19]. 
For design purposes discussed below, it is noteworthy that EMP1 interacts with the receptor predominantly through 
its sidechains. A possible important exception is interaction with EMP1 hydrogen bond with the sidechain of Thr 
151 in the receptor it is part of a network of mostly backbone NH and CO hydrogen bonds formed with main chain 
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atoms of a type I β-turn in EMP1 [26]. Two hydrophobic amino acids, Tyr4 and Trp13, appear essential for mimetic 
action, and aromatic residues appear to be important at these sites [19]. These findings are consistent with the 
previously reported X-ray crystal structure of EMP1 complexed with the extracellular domain of the EPO receptor 
(EPO binding protein; EBP). In efforts to define the structural elements required for EPO mimetic action, a 13 amino 
acid peptide was identified which possesses mimetic properties and contains a minimal agonist “epitope”. 
Interestingly the ability of their synthetic peptide to act as a mimetic capable of the induction of EPO-responsive cell 
proliferation appeared to reside within just one residue, equivalent to position Tyr 4 of EMP1, at least when present 
in a sequence that included a cyclic core peptide structure [19]. 

3.3 Extending the Data Set: B. Application of Dwyer’s Theory 

This can be seen as a second step to establishing the basic format, and importantly length, of an alignment frame for 
training (Section 3.1). Arguably, it does not matter that Dwyer’s idea is somewhat controversial and while it may 
apply in some cases of peptide-protein or protein-protein interactions, it may not apply in others.  This is because 
establishing the format of the alignment frame is a matter of considering the ability to embrace all or most potentially 
relevant peptides with some similarity rather than relying on their individual validity. Using the standard sequence 
search and homology tool BLASTP, EMP1 as query TYSCHFGPLTWVCKPQ shows matches with sections of 
sequence of a variety of proteins of a variety of species, with no obvious significance. Focusing on human proteins, 
FGPLTW occurs in Immunoglobulin heavy chain junction region, PLTWVC in Plexin B1, SCHFGP in purinergic 
receptor P2X, ligand-gated ion channel, and with partial matches, PLTWVCK in NADH dehydrogenase subunit 4. 
With partial matches, leading examples are GPEAWGVCKPQ in the ZYG homologue, and YSCHY-LLTW in 
immunoglobulin superfamily member 1, and there were weak homologies noted in cytokine and growth factor 
receptors.  

Fig. 2 used the standard sequence alignment tool Clustal Omega to align human EPO (1EPO), its receptor (1EER) 
on the rationale of Dwyer [31] (see Theory and Methods Section 2).  It shows the web page output that can be directly 
read by knowledge gathering tools [2,27-30] which were helpful, but not essential, here. Over the whole sequences, 
there is 19% identity between EP and its receptor (same amino acid residues ‘*’ ) for EPO, and 14% for the receptor. 
Over the whole sequences, for identical sidechains ‘*’  or highly conserved sidechain properties ‘:’, this rises to 32% 
for EPO and 23% for the receptor. Note that the output did not include EMP1, which was added subsequently by 
hand, since alignment is not reliable between such peptides and a reasonably large protein. Even so, the homology 
match between EP0 and EPO receptor (EPR) and the receptor remains, as one would expect, of a weaker order, but 
not entirely unpersuasive noting that it lies in a crucial EMP1 and EPO binding region.  The first three in the list 
below are standard characters in Clustal Omega output. Though Dwyer represents a controversial approach, this does 
seem a possible case in which it does apply although many of the sidechains that would appear to be important in 
binding correspond to a relatively exposed loop for EMP1 in the ligand-receptor complex. Nonetheless, the 
evolutionary connection, and information that it may provide on the recognition surface, may be valuable.  

‘*’ - identical residues in EPO and the receptor.  

‘:’ – residues  very similar in properties by Clustal Omega criteria. 

‘.’ – resides weakly similar in properties by Clustal Omega criteria. 

□ (boxes) – Points where arguably the Clustal Omega alignment could be improved or similarities weighted more 
highly, – either by considering any charged residue replacing a charged residue as a conservative substation, or a 
single insertion/deletion.  

Bold font – residues in EMP1 peptide identical to at least one of EPO and EPO receptor. 

Italic underlined font – residues in EPO receptor EER that are at least weakly interacting with the EMP1 peptides. 

Turquoise in EMP1 – residues in 5 loops of EPO receptor EER that are closely interacting with EMP1 peptides in 
both EMP1 chains.  
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Turquoise in EER – residues in EMP1 peptides that are closely interacting with 5 loops of EPO receptor EER (both 
chains). 

Yellow – range of peptides in EPO sequence as proposed by authors spanning helices C-1 and C-2 of EPO and 
conserved in human, mouse and rat EP.  

Green – range of shortest peptide proposed by authors spanning helices C-1 and C-2 of EPO and conserved in human, 
mouse and rat EPO. 

 

Figure 2. Standard Clustal Omega Printout of Alignment of Erythropoietin, Receptor, and EMP1 Peptide. 

3.4 Extending the Data Set: C. Further Studies and Summaries for Specified Peptides 

Some studies on arguably related peptides that were experimentally inactive (e.g., Ref. [32]) were subsequently 
found but did not change these results. Table 2 summarizes previous and further findings, including in terms of 
exposure and of free energy calculations using the Robson-Platt potential functions [33]. This takes some account of 
free energies of interactions as well as potential energies. Considering all the approximations for the binding 
processes implied in the crystal structure, estimates are only to the nearest tenth of a kcal/mole. Estimates of the free 
energy of interaction between sidechains or whole residues involved in ligand-receptor interaction are ideally of 
more interest than just contacts or numbers of atoms in the vicinity [34-38] because they better express the strength 
and importance of the interactions. The peptide considered is the 16-residue peptide since the GG termini remain 
disorganized in solvent in the crystal and are assumed to be in dynamic random coil state both before and after 
binding. The experimental free energy of EMP1 binding to the receptor is approximately -7 kcal/mol according to 
experimental binding data [19] but that is the binding of the EMP1 homodimer to the receptor homodimer, so care 
must be taken in specifying what is meant by free energy contributions per residue. In Table 2, the Exposure Score 
results are expressed for the interactions of each sidechain twice, in effect because, due to the homodimerization of 
the synthesized peptide agonists, the researcher benefits from twice the value that he or she might expect for each 
mole of residue included in the synthesis of the EMP1 monomer. The physical contribution per residue in terms of 
kcal/mol is per residue, so half that value.   Changes in electrostatic interactions can change greatly from the crystal 
used in structure determination to the biological conditions and are an adjustable contribution in the potential 
functions used. This is commonly the case for any choice of potential functions except for the most prolonged 
simulations and even then, convergence of entropy is extremely difficult. In general, there is a recognized need for 
rescaling the free energies, especially when estimating free energies of a per residue basis [34,36-38]. Authors note 
that the scaling problem confounds protein free energy calculations, especially on a per-residue basis for free energy 
contributions. When possible, it is typical to rescale the free energy values to fit experimental binding data or results 
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for very accurate simulations on a high-performance computer [34]. Recall that experimental binding data was 
available in this case. 

Description T Y S C H F G P L T W V C K P Q 
Change in Exposure 

Score of EMP1 (1EDP 
chain C) on binding 

2 -3 1 0 3 -3 -2 0 -1 -3 -1 2 -1 2 -4 2 

Change in Exposure 
Score of EMP1 (1EDP 

chain D) on binding 

3 -1 1 0 2 -4 -1 0 0 -5 0 1 -1 1 -3 2 

F kcal/mol interaction 
EMP1 (1EDP 

chains C+D) on binding 
(per residue) 

1.9 -1.5 0.8 0.0 1.9 -2.7 -1.2 0.0 -0.4 -1.9 -0.4 0.8 -0.8 1.2 -2.7 1.5 

Hydro-phobic 
core 

 y    y     y      

Important for activity  y         y      
Conserved in 
erythropoietin 

alignment (Section 3.2) 

  y     y y   y  y   

Same sidechain class 
in erythropoietin 

alignment (Section 3.2) 

 y y   y  y y  y y  y   

Conserved in 
erythropoietin receptor 
alignment (Section 3.2) 

  y   y  y y   y     

Same sidechain class 
in receptor 

erythropoietin 
alignment (Section 3.2) 

  y   y  y y  y y     

Table 2. Change in exposure scores of sidechains in going from isolated EMP1 homodimer as ligand to the full ligand-receptor 
complex. 

Negative free energies for residue interactions with the environment tend to lie in the approximate range -1 to -3 
kcal/mol. Such is expected to be the case for hydrophobic interactions, which is the case except for valine V in 
EMP1. Because V seems to be important for recognition one should not of course immediately eliminate it from any 
design. Theoretically, it may, for example, be important for intramolecular (intrachain) interactions that determine 

the local conformation of the backbone. Valine prefers a -conformation and in EMP1 the amine NH and carbonyl 
CO groups of the backbone form hydrogen bonds with the CO and NH respectively of the histidine H backbone. 
This may be important for the conformational details of the intramolecular (intrachain) disulfide bridge between the 
two cystine C residues. 

3.5 Extension with Alignments 

Extending the data with new peptide entries typically introduces new deletions and hence a new alignment frame on 
which to train but does not alter the principles and overall procedure. Relevant information for extending and aligning 
the data for the core 111 peptide entries was obtained from Refs [12-21,32,40-45] and the standard GenPept and 
PDB databases, combined with Dwyer’s Theory. For PDB entry 1EBA_C for EPO mimetics peptide 33, recalling 
that the X indicates any residue in the original study, GGTXSCHFGPLTWVCKPQGG, bound to the receptor, the X 
was replaced by a blank in the data described used here to mean any residue can occur there since a blank or the 
entry ‘unknown’ means an unknown value in the software used. It also increases the diversity of associations 
(measured as mutual information) compared with Table 1, as shown in Table 3. Alignment is helped by making 
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variations in the placement of insertions by optimization of information content (Table 3) and by predictability by 
DiracSmash. Such association tables are of direct value in defining a consensus structure such as 
YXCXXGPXTWXCXP, where X returns to representing amino acid residues but in this case means several deduced 
from source data, not any amino acid. Though these are of course really “unknowns” as far as activity or inactivity 
is concerned, it is a common tactic in small organic non-peptide drug discovery as discussed in Ref [8]. 

information event1 event2 event3 event4 
2.61 25:=L 26:=R 27:=S Active:=yes 
2.59 22:=S 25:=L 26:=R Active:=yes 
2.59 20:=A 26:=R 27:=S Active:=yes 
2.59 20:=A 25:=L 27:=S Active:=yes 
2.57 16:=H 21:=V 27:=S Active:=yes 
2.57 16:=H 30:=T 33:=R Active:=yes 
2.57 18:=D 21:=V 34:=A Active:=yes 
2.57 16:=H 32:=L 34:=A Active:=yes 
2.57 16:=H 30:=T 32:=L Active:=yes 
2.57 16:=H 30:=T 34:=A Active:=yes 
2.57 31:=L 34:=A 35:=L Active:=yes 
2.57 18:=D 33:=R 34:=A Active:=yes 
2.57 18:=D 30:=T 31:=L Active:=yes 
2.57 16:=H 27:=S 35:=L Active:=yes 
2.57 30:=T 31:=L 34:=A Active:=yes 
2.57 31:=L 32:=L 34:=A Active:=yes 
2.57 31:=L 33:=R 34:=A Active:=yes 
2.56 27:=S 30:=T 34:=A Active:=yes 
2.56 30:=T 32:=L 33:=R Active:=yes 
2.56 27:=S 31:=L 34:=A Active:=yes 

Table 3. Mutual information in natural logarithmic units for patterns found in the extended small collection of peptides of interest 
for developing erythropoietic peptides. 

Table 4 shows the origins of 32 peptides contributing to the final core 111 that include the effects of deductions based 
on Sidechain Exposure changes on peptide-protein binding including the method of Dwyer which are represented 
by identifiers ‘a’-‘n’ in the first column. The row with identifier ‘o’ represents the form identified by the first step of 
unsupervised data mining, which was also predictive as active by partially supervised DiracSmash, and the rows ‘c’, 
‘d’ etc. represent computer “experiments” modifying the sequence and making predictions. The full core data used 
for the above predictions is still sparse at 111 peptide records, 50 randomly selected being used for training and the 
remaining 61 for testing predictions, in the manner discussed in Section 3.6 below. 

The assumption that the weakly homologous receptor ‘h’ was to be inactive was strengthened based on simple 
preliminary binding calculations based on Exposure Scores [30] with free energy interactions estimated with 
potential functions [36]. However, there seems little doubt that this contains some highly conserved residues 
associated with the EPO binding site, especially the segment SFVPLE, and more detailed analysis of the interactions 
with EPO over several species gave support to the interactions discussed above. Recall that the data, ‘x’ replaced ‘-
’ with the same meaning, i.e. that there is one or more deletions in the alignment that again have no impact physically. 
The residues on either side are directly joined. The sequences with identifiers ‘a’-‘r’ in Table 2 are as follows. 

(a) EMP1, residues important for activity in bold. 

(b) EMP16 [18]. 

(c) EMP17 [18]. 
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 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 

a - - G G T Y S C H F G P L T W - V C K P Q G G - - - - - - - - - - - - - 

b - - G G T Y S C H F G P L T W - V C K P Q - - - - - - - - - - - - - - - 

c - - - - T Y S C H F G P L T W - V C K P Q G G - - - - - - - - - - - - - 

d - - - - T Y S C H F G P L T W - V C K - - - - - - - - - - - - - - - - - 

e - - G G L Y A C H M G P M T W - V C G P - - - - L R G - - - - - - - - - 

f A L L V K S S Q P W E P L Q L H V D K A V S G - L R S L T T L L R A L - 

g - - - - - - - - - W E P L Q L H V D K A V S G - L R S L T T L L R A L G 

h P T A D T - S S - F V P L E L R V T - A - S G A P R Y H R - V I H - I N 

i - - G G L Y A C H M G P I T  - V C Q P - - - - L R - - - - - - - - - - 

j - - G G T Y S C H F G A L T W - V C R P Q R G - - - - - - - - - - - - - 

k - - - V K - S C H F G P I T A - V C K - Q S G - L R G K - - - - - - - - 

l - - - - - Y S s H F G P L T L - V s K A Q S G - L R S K - - - - - - - - 

m - - - - - Y S s H F G P L T L - V C K A Q S G - L R S K - - - - - - - - 

n - - - - - Y S C H F G P L T L - V s K A Q S G - L R S K - - - - - - - - 

                                     

o   G G X T X C H X V P X T W H V C T P X X X A L R S X T        

                                     

p   G G X Y X S H X V P X T W H V S T A X X X A L R S X T        

p   G G X Y S S H X V P X T W H V S T A X X X A L R S X T        

p   G G X T X C H X V P X T F H V C T P X X X A V R S X T        

p   G G X T X C R X V P X T W H V C T P X X X A L R S X T        

p   G G X T X C K X V P X T W H V C T P X X X A L R S X T        

p   G G X T X C H X V P X T F H V C T P X X X A V R S X T        

p   G G X T X S H X V P X T F H V S T P X X X A V R S X T        

p   G G X T X C H X V P X T F H V S T P X X X A V R S X T        

p   G G X T X S H X V P X T F H V C T P X X X A V R S X T        

                                     

q   G G X T X C H X V P X T F H V C T P X X X A V R S X V        

q   G G X T X C H X V P X T F H V C T P X X X A V R S X K        

q   G G X T X C H X V P X T F H V C T P X X X A V R S          

q   G G X T X C H X V P X T F H V C T P X X X A V R S          

q   G G X T X C H X V P X T F H V C T P G G G A V R S          
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r   G G X Y S S H X V P X T W H I S T A X X X A L R S X T        

r   G G X Y S S H X V P X T W H L S T A X X X A L R S X T        

r   G G X Y S S H X V P X T W H X S T A X X X A L R S X T        

r   G G X Y S S H X V X X T W H V S T A X X X A L R S X T        

Table 4. Compromise Peptide Design. Some key peptides are discussed as data (a-n) and guides to an erythropoietic peptide. 

(d) EMP24 [18]. 

(e) EMP35 [18]. 

(f) EPO natural hormone.  

(g) Identification of critical residues in EPO peptides and related studies [19].  

(h) EPO receptor in the binding region. 

(i) Peginesatide-like peptide. 

(j) Pegmolesatide -like peptide.  

(k) EPO-receptor-based model considered inactive by conformation imposed by disulfide bond. 

(l) Compromise peptide considered active. 

(m) Compromise peptide considered inactive 

(n) Compromise peptide considered inactive. 

(o) Automatic proposal for an active erythropoietic peptide by the “Large Probability Model” (unsupervised data 
mining followed by supervised data mining by DiracSmash [26]) as described in the text. LR/(1+LR) = 78%. 
Simplified predictive model gives accuracy=91%, sensitivity=82%, specificity=90%, Diagnostic Odds Ratio DOR 
= 64.9 at a threshold of 45% established for the “training” set.  

(p) “Experimental” modifications to the automatic proposal for which the simplified model gave reasonable 
predictions LR/(1+LR) = 75-78%. Simplified predictive model gives accuracy=84-89%, sensitivity=82%, 
specificity=83-88%, Diagnostic Odds Ratio DOR = 34.6-53.8. 

(q) “Experimental” modifications to the C-terminus LR/(1+LR) = 77%. Simplified predictive model gives 
accuracy=77-84%, sensitivity=80-82%, specificity=74-83%, Diagnostic Odds Ratio DOR = 20.3-34.6. The removal 
of the final two residues treated as XX gave the lowest values in that range, irrespective of where residues 21-23 
were replaced by GGG (glycine residues). 

(r) Replacing proline P at 12 and valine V 17 had the most deleterious effects giving LR << 1 and DOR << 1, and 
best predictions for predictive target as Active:=no.  Even replacing valine V by isoleucine and leucine for 
Active:=yes, conservative substitutions,  gave an accuracy, sensitivity, and specificity for 36% and 35% respectively. 

Predictions reported below depend on the application of Eqn. 1 with (n+v) simply replaced by the counts of actual 
and assumed activity without distinguishing actual frequencies n from virtual frequencies, as discussed in Section 
2.1. following Eqn. 3.  While much of the above is automatable, and this is in progress, there are several choices of 
peptides and their designation as active or inactive that are particularly subjective and harder to treat in a general 
algorithm. Since the PDB entry refers to GGT(dby)SCHFGPLTWVCKPQGG where (dby) indicates 3,5-
dibromotyrosine in position 4 (denoted DBY in the PDB entry) and is inactive, and some similar sequences found 
by BLAST for unrelated proteins suggest a serine S in that position, an entry with S replacing (dby) was entered as 
inactive. The alignment between EMP1 cannot imply a conformational homology because the Q in SQP and D in 
VDK in erythropoietin EPO, aligned with the two cystines in EMP1, are too far apart to form a disulfide bridge 

without disrupting the conformations, with the SQP in a highly exposed loop and VDK in an -helix. This does not 
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completely rule out an evolutionary origin, though it seems much less plausible, but even if it were the case, that 
would not by itself appear useful for present purposes. However, it also remains possible that the posited homologous 
sections of sequence between EMP1 and EPO could both bind to the receptor with significant strength, even though 
in different conformations or conformational changes. On that basis the compromise peptide k was tentatively 
hypothesized to be active and l and m to be inactive to help ensure that both, and only both, cystine C residue 
replacement by serine S residues might be considered by the learning procedure. Serine S is a popular substitution 
for cysteine in protein engineering (due to comparable structure and similarity of sulfur and oxygen), and the serine 
sidechains hydrogen bond at a comparable distance but can be broken to permit another conformation. 

3.6 Predictions of Activity 

The studies involved “jackknifing” in which different peptides are removed from the analogue of the training set and 
used in the test set. As the term is commonly used in bioinformatics, this would in the present study mean that one 
peptide of known activity or inactivity is removed from the training set and predictions made from them by all the 
remaining entries before being returned to the training set.  Used more generally, this term means that one or more 
descriptions of a molecule are selected out for predictions and for comparison of each prediction with the known 
answer; irrespective of the number in each block being selected and tested, the important point is that they are not 
included in the training set which provides the information for the predictions. Initially, jackknifing of one peptide 
at a time was done. However, such tests gave more than 80% sensitivity and 75% specificity, which seemed good 
for sparse data. The normal concern in drug discovery in such a situation would be that the compounds involved are 
not entirely independent but generated by similar means, or as progressive refinements by the medicinal chemist [8]. 
In the converse case, if a compound completely related to the others shows up with activity in a report, one expects 
to see some account of its distinct origin of the choice. Interdependence is of course self-evident in the present case, 
as Table 4 shows that the sample consists of groups of peptides that can be considered as homologous.  Since the 
chance of interdependent sequences being used for the training and the test is much higher if just one peptide is taken 
out as the test case at a time, the main studies were also done using separated “training” on the 50 randomly selected 
non-obviously related peptides described in Section 3.5 and test sets on the remaining 61 sequences. Despite the 
high probability of interdependence, sparsity also gives rise to an effect that seems contrary to the above. In principle 
such studies can help identify the features that are important for activity, though in the case of very sparse data there 
is inevitably more “granularity” to the descriptions of what makes a sequence active, i.e. they are often somewhat 
isolated sample points in the space of possible active structures. For example, one might simply note that an acidic 
sidechain is important at a position but not always, without being able to combine it with activity of other sequences 
to deduce a richer model.  

Despite the above cautions and a variety of related studies, results remained consistently high at around 80% 
sensitivity and 70%-90% specificity. See Discussion and Conclusions Section 4. Recall that in contrast to the 
accuracy, sensitivity, etc., the LR/(1+LR) is the accuracy at the point when the accuracy equals sensitivity and 
specificity representing estimates of predictive power of the training set of 50 sequences that produced the LR.  This 
avoids bias toward positive or negative predictions and does not and does not depend on a threshold that underlies a 
ROC curve. Remarkably, it remained approximately constant at 74-78 for all the current studies, with the sensitivity 
and specificity etc. also persistently high. Table 5 shows example DiracSmash [26] prediction outputs for the above 
for a variety of peptides, such as those identifiers ‘o’ and ‘p’, in Table 4. See later below for studies 4 and 5. 

Agreement with accuracy etc. would confirm extensibility to the test set of 61 sequences and be promising for future 
data, but an improvement in prediction for the test set is suspicious as essentially a random fluctuation typical of 
sparse data. However, similar results were obtained by random selection of train and test sets, including extension 
to a total of 5000 sequences with the additional 4889 comprising assumed inactive from aligned weakly homologous 
sequences and some or irrelevant or random sequences, initially trained and tested in similar proportion 50:60 for 
train-test dataset sizes. For the test set the simplified models gave similar results to the full method using many 
“tags” with further information derived by data mining “inside” DiracSmash. These models tend to do well for 
certain classes of problem when the data describes attributes that are somewhat compositional in character [8]. 
Although attributes here include position, e.g., 9:=H, the meaning of the 9 is only apparent to the user, and to the 
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Study LR/(1+LR) 
% 

Best 
threshold 

% 

Accuracy% Sensitivity% Specificity% Quality% 
(see 
text) 

Diagnostic 
Log Odds 

Ratio        
± SE 

1. Table 4 (o) 78 45 91 82 90 90 4.17±1.17 
2.Table 4(p)), 

'9':='H' → 
'9':='R' 

78 45 92 82 92 91 4.39±1.19 

3. Table 
4(p)), '29':='T' 

→ '29':='x', 
‘31’:=’G’, 
‘32’:=’G’, 
‘33’:=’G’ 

77 35 77 82 74 76 3.01±1.11 

4. See text. 78 40 80 82 78 79 3.20±1.12 
5. See text. 75 40 86 82 85 86 3.68±1.14 

Table 5. Results of several prediction studies discussed in the text. 

algorithm it is not materially different to a compositional description of a compound such as ‘number of hydroxyl 
groups’:=3. With a focus on seeking to improve on EMP-1 including reducing side effects, then for amino acid 
residues at locations in the sequence where predictions were weak or many variations of amino acid residue would 
do, the residue found in EMP-1 is proposed. 

GGTYSC[H/K]FGPT[W/F]HVCK[P/A]VGGLRSG 
GGXTXC H---XVPXTW---HVCTP------XXALRSXT  (automatic model (o)) 

The second sequence above is the automatically generated model ‘o’ in Table 4 where again X represents several 
possible substitutions.  The new proposal represented by the upper sequence above seems less promising than the 

less specific proposal (by containing several ‘X’) made by the automatically generated model ‘o’, although the 
LR/(1+LR) = 78% from the full DiracSmash calculation provides some justification for its further consideration, 
with results as shown for Study 4 in Table 5. There was significant improvement in quality of prediction by the 
simplified model when substituting the two cystines C by serine S, which likely loses the benefit of the stability of 
the covalent intramolecular disulfide bridge, but which might simplify preparation of pure peptide. However, the full 
model  gave a reduced  LR/(1+LR) = 73%, in that sense disagreeing with the benefits of the S for C substitutions for 
increased potency. The following peptide gave the prediction results shown as Study 5 in Table 5. 

GGTYSS[H/K]FGPT[W/F]HVSK[P/A]VGGLRSG 

3.7 Comparative and Advanced Studies 

As a final step in this early stage of investigation, meaning just before the investigation has facilitated gathering 
much larger amounts of data (including by synthesis and testing), incorporation of further methods considered as AI, 
such as Machine Learning and Deep Learning, is valuable.  Comparisons can give support to the findings obtained 
so far and, since methodologies may only partially overlap, there is the possibility of capturing further information 
of value. Essentially the same methods are used here as in Refs [8,11,47,49]. See Table 6 that refers to studies 1-5 at 
the end of Section 3.6.  DL is typically considered as not well-suited to small datasets, although there have been 
efforts to explore and overcome the problem (e.g., Ref [50]), and there are important exceptions and techniques that 
make it workable in specific scenarios (especially in vision, language, and audio tasks, but not drug development). 
Recognized problems [50] are that DL can have millions of parameters and so tends to overfit small data. 
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Study GB with 
TEI, 

sensitivity 

GB with 
TEI, 

specificity 

GB 
without 

TEI, 
sensitivity 

GB 
without 

TEI, 
specificity 

ML, 
sensitivity 

ML, 
specificity 

DL, 
sensitivity 

DL, 
specificity 

1 82 90 70 74 71 74 61 68 
2 82 92 75 80 75 80 68 71 
3 74 76 72 74 75 75 - - 
4 82 78 55 58 - - - - 
5 82 85 54 57 - - - - 

Table 6. Comparison of Glass Box GB Approaches with Machine Learning and Deep Learning. 

4 Discussion and Conclusions 

4.1 Development of Peptidomimetics 

The method of selecting peptides for consideration is indicated in Section 2.5 and discussed in Results Section 3. It 
clarifies the importance and nature of a glass box approach. There it was noted that a major  query of interest in the 
study was active:=yes, 3:=G, 4:=G,  5:=T, 6:=Y 8:=C, 9:=H, 9:=K, 12:=P, 14:=T,  15:=W, 15:=F, 15:=W, 16:=H, 
17:=V, 18:=C, 20:=P, 20:=A, 21:=V, 21:=G, 22:=G, 23:=G, 25:=L, 26:=R, 27:=S, 29:=x, 34:=A. Here it was with 
'12':='P', and '17':='V' as interdependent attributes and the rest as independent attributes. But even without that 
consideration, and while some care is required to interpret to the positions of residues in the light of the deletions, 
this is a clear guide to what to consider next, including ultimately synthesis, as it was with small non-peptide 
compounds [8]. Such a query is generated by unsupervised data mining, and the role of the query (in DiracSmash) 
is to do further mining focused by the query and confirm the description by, primarily, a high Likelihood Ratio (or 
reject it by a low one). The risks of being misguided are inevitably higher when data is very sparse, but the general 
idea has been supported by the study on small organic compounds where more data was available both for the step 
analogous to training and for blind testing [8]. The primary difference in the present study is that the nature of 
peptides allows the study to be structural, not just compositional, and the ability to use weaker evidence as “hunches” 
in a manner facilitated by the relevance of bioinformatics tools. 

Sensitivity to hydrolytic peptidases and acid hydrolysis in the gut are a major issue and making non-biological 
modifications is the most plausible next step, and with more extreme modifications may represent an intermediate 
step towards a small organic compound, but this requires different techniques and will be discussed elsewhere.  
However, extensive use of D-amino acids has a more direct mapping to the L-amino acid sequence candidate. A 
retroinverso peptide [46], for example, confers resistance to enzymic hydrolysis. The sequence is written backwards 
(residues in reverse order) but using D (dextro, mirror image) amino acid residues. In the case of EMP1, that gives 
dextro-(QPKCVWTLPGFHCSY). In a retroinverso structure it is conceptually as if the sidechains were in the same 
position in space, but the peptide groups linking residues, (NH-CO) are reversed (CO-NH). This highlights another 
good reason for considering sidechain and other interactions. If interactions between receptor-sidechain to peptide-
sidechain and receptor-backbone to receptor-sidechain are important, there is a chance of activity, but if the peptide-
backbone is involved in strong interactions with the receptor, they will almost inevitably be hydrogen bonding 
interactions NH…OC, and the location of NH and CO groups in the backbone peptide link have been reversed, 
making the interaction likely repulsive.  Consequently, the following are plausible candidates for synthesis and 
testing. 

dextro-(GSRLGGV[A/P]KCVH[F/W]TPGF[K/H]CSYTGG) 
dextro-(GSRLGGV[A/P]KSVH[F/W]TPGF[K/H]SSYTGG) 

4.2 Advantages and Limitations of the Approach 

There has been no validation by new synthesis and testing in the present study, which has essentially comprised a 
proposal for study of peptide activity when data is sparse, but as in many compound activity studies (e.g., Ref [8]), 
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the equivalent of a training and test set has been constructed (Section 3.6). This project suggests that predictions of 
peptides as active or inactive can be carried out with reasonable predictive capability and good sensitivity given 
sparse data, which is often the case early in pharmaceutical research. Reasonable predictions obtained were for 
peptides where the property of active or inactive was known. The fact that a Glass Box partially supervised prediction 
approach possible to test differing descriptions of peptides of interest (the query), rather than simply predict that a 
particular compound is active or inactive, turns out to be well suited to peptide design, allowing optimization of 
designs as well as discovering significantly different structures with similar activity (but differing in other merits). 
As in previous non-peptide work [8] it can provide a guide as to what to query or synthesize next. 

The hunch strategy is intended to increase the odds of success in selecting peptides for a more reliable second phase 
prediction or experimental selection strategy. Also, this second phase, or a phase following that, will almost certainly 
consider peptidomimetic modifications for animal studies or because the benefits of such modifications (resistance 
to gastric acidity and peptidases etc.) are needed for clinical trials. The present study has attempted to make explicit, 
and ultimately automatable, methods in which a Glass Box AI-style approach has advantages by dealing with sparsity 
and a formal relationship to inclusion of plausible prior beliefs. 

It has been emphasized that Dwyer’s theory is controversial, but the approach is such that the overall hunch approach 
is robust even where it does not hold. First, it is assumed that any peptide deduced by that means is inactive, and as 
discussed by analogy with pharmaceutical discovery at comparable stages that is much more likely be the case. 
Second, the important thing is that it has certain similarities in sequence pattern to the active peptides, at least at the 
level shown in Fig. 2, and it need not be used if there is no relationship at all. The more precise probabilistic 
description of what constitutes a significant relationship in this kind of situation is arguably a matter needing future 
work, but in view of the first point, there seems little to be lost by always assuming it to apply provided it is 
implemented as the maximum alignment, as in Fig. 2.  Not least, if the degree of match is statistically very weak, it 
is more likely to be inactive. 

Comment should be made on the quality of the results as judged by sensitivity, specificity etc. because intuitively it 
seems rather high for a study involving sparse data. Section 3.6 discussed the preferred choice of sampling and 
separation of “training” and test cases, based on the concern that that the peptides are far from independent. Selecting 
a peptide for prediction and leaving many close relatives in the datamined set would clearly give predictions that 
appear, and arguably genuinely are, of good quality. The situation may be close to the norm in drug discovery because 
compounds are not generated independently, or because they are progressively modified by the medicinal chemist, 
or some combination of the two [8]. A conclusion might be reached that the quality of the results obtained is thus 
illusory, and not helpful for therapeutic discovery. As was also argued elsewhere [8], this is not the case. Blocks of 
data for compounds that are related by some kind of common origin and represent exploration to refine activity are 
the normal data ecosystem for drug discovery, so good use should be made of it. The kind of study described here is 
in a sense and in part a continuation of that process. 

4.3 Future Work 

A preliminary observation worthy of further investigation is that compounds strongly suspected of inactivity when 
included in the tests as inactive did not greatly change the predictive performance [32]. Continuing to add data of 
that kind will help clarify the relative merits of different methods of including less direct data. Other approaches to 
explore use of structural data and predictions from it can be expected to increase the usefulness of the method (e.g., 
Deep learning for sparse data [50])  and AlphaFold technology [51], along with large language models for peptide 
sequences [52], extensions of DiracSmash for less perfect real world data [53], and more extensive use of the 
proposed Q-UEL language with which DiracSmash is compatible [54,55]. As to future peptides of interest, several 
new classes of natural biologically active peptides are emerging, including many derived by direct translation from 
small open reading frames (sORFs) originally thought too small to be genes [55]. But not least, erythropoietin has 
many different actions at diverse receptors distinct from erythropoiesis, so that further peptides derived from studies 
of the hormone for applications such as neuroprotection, and they face similar challenges of relatively sparse data 
[56]. 
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The present method ultimately rests on estimates of real probabilities and is not prone to “hallucinate” in the same 
sense as current AI methods based on learning weights. Since hunches based on weak evidence are an important 
feature at the start of the process described here, there are obviously opportunities for errors. The researcher is merely 
choosing a plausible path based on the evidence available. Unlike “black box” AI approaches, however, the basis of 
the reasoning and the meaning of the probabilities and odds ultimately generated are visible (as the probabilistic 
Knowledge Element Tags, Section 2.5), auditable, and open to investigation, correction, updating and reuse. 
Arguably, the AI approach most relevant to the present discussion is AlphaFold [51]. That technology is powerful 
and there are several ways in which it might be brought into play as steps following the above. However, it is not a 
de novo protein folding approach [57] based on physics. It requires large amounts of data and depends on the 
conservative nature of protein evolution. The benefits and limitations of AlphaFold have been reviewed by the 
present author [58] and the points raised appear valid today. A very limited understanding of what will make an 
active peptide typically means that there is less information to make good use of AlphaFold. It would clearly be very 
valuable to refine the proposed therapeutic agents by modeling their interactions with the target, but there is 
obviously a huge advantage in first proposing peptide ligand structures to explore in that way. Researchers use 
AlphaFold as part of a pipeline, (i) to predict the structure of a disease-related protein, (ii) model how a candidate 
peptide might interact with that protein and (iii) refine peptide sequences based on predicted interactions. It is 
especially helpful when an experimental structure for the protein target is not available, and it was available in the 
present study. It does not at present generate novel peptide drugs “from scratch”, which is the primary purpose of 
the approach described here. 

Finally, an obvious future task will be translation of the results of the above methodology into a pharmacophore 
model for small molecule screening that has beneficial impact for medicinal chemists. It should be kept in mind that 
this is not the only interest: peptides are occasionally approved and used directly as therapeutics. Novel active 
peptides can also facilitate the development activity tests for non-peptide compounds without direct consideration 
of a pharmacophore. However, in the present paper, an obvious question might be how the "Knowledge Element 
Tags" (Section 2.5) for peptides can be used to aid design of small organic “in a pill” drugs. These represent the 
formal, persisting embodiments of the knowledge captured by the study, retained alongside other similarly captured 
knowledge in large Knowledge Representation Stores for medicine and pharmaceutical research [59].  In the present 
paper they are used in predictions but are already in the canonical form called the Q-UEL language [53-55] that is 
available for reuse in future work, potentially including processes of automated reasoning. Note that each such tag 
considered individually is not an estimate in the same sense that inference and prediction overall involve 
independence assumptions. Each tag represents the use of data when it is sufficient to make exact calculations of 
useful probabilistic measures as ratios of counts (numbers of observations). The notion of “estimate” is confined to 
the limit number of counts involved. This does, however, mean that the knowledge contained in these tags is 
somewhat confined to use in bioinformatics and biotechnological studies. It is, at best, mappable with further studies 
to a small and likely disconnected representation of a van der Waals, electrostatic, and hydrophobic surface 
representation that a smaller molecule might similarly possess. However, nothing prohibits capturing more integrated 
representations that can be captured during a project, such as those in Table 4, which can readily be re-expressed as 
attributes (descriptors) in the Q-UEL tag form. Similar Q-UEL representation of knowledge in many bioinformatics 
and pharmaceutical studies, e.g., Refs [2,27-30,55]. Most of that is, nonetheless still of a bioinformatics nature.  

Consequently, the most exciting area under investigation in the present larger project is the accumulation of the kinds 
of Q-UEL Knowledge Element Tags generated from activity data for small organic molecules as in Ref [8], with the 
specific intent of using these alongside the above tags for peptide data to seek to infer, ultimately automatically, what 
kinds of description of a small organic molecule might map to those of an active peptide, i.e. what organic molecules 
might the peptide data imply? Although the term “organic chemistry” is now essentially historical and refers only to 
the presence of carbon atoms, it is historical for good reason. Through metabolism, biochemistry makes use of a 
recurrent set of chemical motifs (including, interestingly, those that often turn up in news reports of potential 
evidence for life on other worlds). The combinatorial consequences of chemically joining these have been explored 
(e.g., Ref [60]). The motifs can be put together in an enormous combinatorial variety of Markush representations, 
each with a variety of options that pose challenges for the notion of novel compositions of matter in patent law [60]. 
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Because proteins as drug targets have binding site pockets lined with side chains such as lysine, aspartate, serine and 
phenylalanine, and in awareness that just 20 kinds of amino acid residues interact to produce folded structures and 
protein-protein assemblies with a seeming infinite variety of functional structures [60], medicinal chemists 
intentionally use corresponding motifs even when they do not start from a peptide ligand. These motifs include 
amines, carboxylic acids, and hydroxyl groups, as well as larger aromatic and heterocyclic groups. Many of the 
attributes (descriptors) that are available drug discovery data (e.g., Refs [61,62]) and captured on the tags are quite 
large aromatic and heterocyclic groups to which features of peptides might be fitted, as well as physicochemical data 
for the molecules in entirety. 

It seems unlikely that developments into protein-ligand interactions by advances in approaches like those of 
AlphaFold [51] will make approaches like the above study redundant, and it certainly it will  be essential to bring in 
knowledge that can be captured and utilized in tag form but beyond the remit of AlphaFold which was primarily 
designed for protein structure prediction. Admittedly, AlphaFold 3 has moved from that toward direct, high-accuracy 
prediction of drug-like interactions with proteins [63]. Nonetheless, the huge variety of combinatorial structures for 
organic molecules in which small changes in chemistry can cause impactful changes in atomic position [60] must 
mean that data for specific areas is rather too sparse and inappropriate for reliable training. AlphaFoldௗ3 model is 
described as having a substantially updated diffusion-based architecture capable of predicting the joint structure of 
complexes including proteins, nucleic acids, small molecules, ions and modified residues used in peptidomimetics.  
However, it remains that AlphaFold-like methods learn patterns from biological data and do not generalize well to 
arbitrary synthetic chemistry space. AlphaFold 3 answers questions such as “Given this protein and this ligand, what 
complex structure is plausible?”. Discovery of small organic drugs requires generating novel molecules by exploring 
vast chemical space and optimizing multiple properties, and drug design requires conceiving molecules that do not 
yet exist and, in order to be patented, must be as different as possible from molecules that are natural or patented. 
AlphaFold-style models are not directly related to obtaining binding affinity or handling dynamic motion and 
kinetics. Real drug design must optimize solubility, suitability, interactions with metabolism and membrane 
permeability. It has no notion of ADMET, the key pharmacological properties of absorption, distribution, 
metabolism, excretion and toxicity issues that a drug must satisfy to win approval from bodies such as the FDA. 
Nonetheless, it seems clear that that the more specialized tools like AlphaFold can provide important elements of 
knowledge that contribute to the drug discovery process and potentially do so by the kinds of Knowledge Element 
Tags discussed here. The argument that the approach can do this is discussed with examples in Refs [2,8,26-
30,53,54,54,59,64]. 
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