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Abstract 10 

Models for protein–protein and drug–target interaction prediction usually rely on constructed 11 

negative examples because experimentally supported non-interactions are scarce. Unobserved 12 

pairs may be sampled at random, filtered by biological rules or replaced with presumed-inactive 13 

decoys. These choices affect the patterns a model learns and the difficulty of the benchmark used 14 

to assess it. This critical review brings together evidence from interaction prediction, virtual 15 

screening and positive-unlabelled learning to examine how negative construction influences 16 

model evaluation. We distinguish the evidence supporting a negative label from the rule used to 17 

select a pair, and compare the rationale, empirical support and limitations of common selection 18 

strategies. Across these studies, more confident negative labels do not necessarily produce more 19 

informative tests: selection can make negatives easier to distinguish, amplify degree-related 20 

shortcuts or introduce decoy bias. The distinction between training and evaluation helps explain 21 

some apparently conflicting findings. A sampling rule that assists learning may give a misleading 22 

performance estimate when it also defines the test set. We use this distinction to develop 23 

conditional recommendations for selecting negatives, choosing data splits and reporting class 24 

ratios and baseline results. A reporting checklist also identifies information that experimental 25 

groups can retain to make inactive measurements reusable. We also relate these findings to 26 

negative sampling in link prediction, recommendation and knowledge-graph completion. Explicit 27 

descriptions of both training and test negatives are needed to interpret reported gains and assess 28 

their relevance to the intended biological application. 29 

Keywords: negative sampling; positive-unlabelled learning; virtual screening; data leakage; 30 

protein–protein interaction; drug–target interaction 31 

 32 
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1 Introduction 33 

1.1 Interaction data and missing negatives 34 

Machine-learning models are widely used to propose new protein–protein interactions (PPIs) and 35 

drug–target interactions (DTIs) for experimental follow-up. Positive examples come from curated 36 

databases and large screens; a single systematic two-hybrid map of the human proteome, for 37 

instance, reported about 53,000 binary interactions [1]. Confirmed non-interactions are far 38 

scarcer. Curated collections of non-interacting protein pairs contain a few thousand entries [2, 3]. 39 

Bioactivity databases such as ChEMBL and BindingDB record quantitative measurements [4, 5], 40 

from which inactive pairs can be defined only by choosing an activity threshold [6]. 41 

Interaction maps are also far from complete. Estimates of the size of the human interactome have 42 

ranged from about 130,000 binary interactions [7] to 154,000–369,000 interactions, and in 2006 43 

the human map was judged to be roughly 10% complete [8]. An unobserved pair is therefore not 44 

a confirmed negative. 45 

Most studies therefore construct negatives by sampling unobserved pairs, applying biological 46 

filters or selecting presumed-inactive decoys. Although often described only briefly, the 47 

construction procedure affects both the training data and the comparison on which a model's 48 

reported performance rests. 49 

1.2 Recent evidence on negative construction 50 

Studies since 2022 have examined several consequences of negative construction. In PPI 51 

prediction, selecting test negatives by sequence dissimilarity made the task easier and inflated 52 

accuracy estimates [9]. In compound–protein prediction, choices about negative synthesis and 53 

evaluation also produced over-optimistic estimates; under stringent evaluation protocols, a simple 54 

kernel baseline outperformed state-of-the-art methods [10]. 55 

Related work has examined what interaction predictors learn from these datasets. Deep models of 56 

protein–ligand binding exploited node degree in the interaction network [11], while deep 57 

sequence-based PPI predictors fell to random performance when sequence similarity between 58 

training and test proteins was controlled [12]. Analyses across several biomolecular interaction 59 
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tasks also found that the scale-free topology of interaction networks can distort performance 60 

assessment [13]. 61 

The consequences extend to comparisons between models. In a recent PPI benchmark, replacing 62 

random negatives with degree-matched negatives changed which models ranked best [14]. 63 

Together, these studies motivate closer attention to the construction of the negative set when 64 

interpreting a reported gain. 65 

1.3 Previous reviews 66 

Previous reviews provide much of the background for this discussion (Table 1). Jansen and 67 

Gerstein [15] argued that gold-standard negatives matter as much as positives and that evaluation 68 

must account for the expected ratio of positives to negatives. Subsequent reviews have generally 69 

approached negative examples within a particular prediction task or methodological literature. 70 

Reviews of PPI prediction cover algorithms, validation schemes, metrics and databases [16, 17]. 71 

DTI reviews discuss data, methods and empirical comparisons [18–21], as well as the 72 

construction of benchmark datasets [22]. Within this literature, Chen et al. [18] contrasted 73 

supervised and semi-supervised models according to their use of negative samples, and Cheng et 74 

al. [19] identified the incorporation of negative samples as an open challenge. 75 

Virtual-screening reviews examine decoy selection, from randomly chosen compounds to 76 

experimentally validated inactives [23, 24], and consider decoys in the wider context of docking 77 

validation [25]. Reviews of positive-unlabelled (PU) learning address assumptions, algorithms 78 

and evaluation, including applications to interaction prediction [26, 27]. A further body of work 79 

examines data leakage and evaluation design in biological machine learning [28–31]. 80 

Several recent papers focus more directly on negatives: an opinion paper on PPI and host–81 

pathogen prediction [9], an analysis of compound–protein evaluation [10], and a PPI 82 

benchmarking framework that distinguishes balanced sampling for training from sampling for 83 

evaluation [32]. Each concentrates on one interaction type, leaving useful connections to be made 84 

across these settings. 85 

Outside biology, negative sampling has been surveyed for recommendation [33] and for 86 

knowledge-graph representation learning [34]. Both surveys group sampling methods by 87 

technique, largely as part of model training. The present review differs in two ways. It organises 88 



5 

negatives by the evidence behind their labels and by whether they serve training or evaluation. It 89 

also draws on PPI and DTI studies, where some negatives have been measured experimentally. 90 

1.4 Perspective of this review 91 

This review examines negative construction across PPI prediction, DTI prediction and virtual 92 

screening, with particular attention to the purpose of each negative set. Park and Marcotte [35] 93 

distinguished training negatives from evaluation negatives in PPI prediction, and the distinction 94 

has been restated more recently [32]. Applying it across these literatures helps explain why 95 

studies can reach different conclusions about the same sampling strategy. The disagreement over 96 

degree-balanced sampling, discussed in Section 3.4, illustrates this point. 97 

We describe negative sets in terms of their label evidence and selection rule (Section 2, Fig. 1), 98 

then compare the empirical support and limitations of common strategies (Section 3, Table 2). 99 

The discussion of training and evaluation in Section 4 leads to recommendations and a reporting 100 

checklist in Section 5, including guidance for experimental groups seeking to make their negative 101 

results reusable. Section 6 compares these findings with recommendation, knowledge-graph 102 

completion and graph link prediction (Table 4). 103 

1.5 Scope and literature selection 104 

We cover binary prediction of PPIs and DTIs, including compound–protein interactions (CPIs). 105 

Affinity regression is discussed only where a threshold turns measurements into negatives. 106 

Virtual screening for a given target is treated separately, because it asks a narrower question than 107 

pairwise DTI prediction. Other interaction types, such as RNA–protein or microRNA–disease 108 

associations, are outside our scope. 109 

This is a critical narrative review, not a systematic review. On 4 October 2026 we searched 110 

PubMed titles and abstracts for terms describing negatives (negative sampling, negative examples 111 

or samples, non-interacting, negative data, decoys, positive-unlabelled) combined with 112 

interaction tasks (protein–protein, drug–target, compound–protein and protein–ligand interaction; 113 

virtual screening). The search returned 874 records, 35 of them indexed as reviews. We screened 114 

the 35 reviews and used targeted searches for specific strategies, datasets and benchmarks to 115 

select studies that proposed, compared or criticised a way of constructing negatives, or measured 116 

its consequences. We also included methodological work from machine learning, on positive-117 
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unlabelled learning, evaluation metrics and leakage, where it bears directly on these questions. 118 

For Section 6, studies from link prediction, recommendation and knowledge-graph completion 119 

were selected because they address the same questions; that literature was not searched 120 

systematically. Where several studies made the same point, we cite the one that introduced it or 121 

gave the most direct evidence. The selection is illustrative rather than exhaustive. 122 

Table 1. Previous reviews and closely related studies. 123 

Work Type Domain Main focus Relation to this review 

Jansen and Gerstein 

[15] 
Review PPI Gold-standard positives and 

negatives; prior ratio; 

localisation-based negatives 

Early statement of the 

problem; we extend it to DTI 

and to evaluation design 
Hu et al. [16]; 

Soleymani et al. [17] 
Reviews PPI Algorithms, validation 

schemes, metrics, databases; 

deep learning 

We focus on how negatives 

are built and used 

Chen et al. [18]; Cheng 

et al. [19]; Ezzat et al. 

[20]; Bagherian et al. 

[21] 

Reviews, 

empirical 

survey 

DTI Data, methods, empirical 

comparison; supervised vs 

semi-supervised use of 

negatives; negatives as an open 

challenge 

We compare negative-

construction choices across 

PPI and DTI by purpose 

Atas Guvenilir and 

Doğan [22] 
Benchmark 

study 
DTI Featurisation, data preparation, 

benchmark datasets 
We focus on the negatives 

within such datasets 
Lagarde et al. [23]; 

Réau et al. [24]; 

Kittelson et al. [25] 

Reviews Virtual 

screening, 

docking 

Selection of actives and 

decoys; decoys in docking 

validation 

We relate decoys to pairwise 

DTI and PPI negatives and 

separate the two tasks 
Bekker and Davis [26]; 

Li et al. [27] 
Reviews PU learning Assumptions, methods, 

evaluation; bioinformatics 

applications 

We place PU learning beside 

negative-selection strategies 

and their evaluation 
Walsh et al. [28]; 

Whalen et al. [29]; 

Kapoor and Narayanan 

[30]; Bernett et al. [31] 

Guidelines, 

reviews 
Machine 

learning in 

biology 

Validation, pitfalls, data 

leakage 
We separate construction bias 

from leakage 

Ma et al. [33]; 

Madushanka and Ichise 

[34] 

Reviews Recommen

dation, 

knowledge 

graphs 

Negative-sampling methods 

grouped by technique, largely 

for training 

Same problem outside 

biology; we organise 

negatives by label evidence 

and purpose (Section 6) 
Lannelongue and 

Inouye [32] 
Benchmarking 

framework 
PPI Pitfalls, network topology and 

hubs; balanced sampling for 

training but not for evaluation 

Same distinction for PPI; we 

extend it to DTI and virtual 

screening and attach 

conditions 
Neumann et al. [9] Opinion with 

analysis 
PPI, host–
pathogen 

Similarity-filtered negatives; 

training-only versus test use 
Closest in spirit; we add DTI 

and virtual screening, two 

axes and guidance 
Yaseen et al. [10] Analysis Compound

–protein 
Negative synthesis, similarity 

control, evaluation aligned 

with use 

DTI counterpart; we connect 

it with PPI and screening 

evidence 
Najm et al. [36]; 

Chatterjee et al. [11]; 

Li et al. [13]; Cabrera-

Andrade et al. [14] 

Empirical 

studies 
DTI, PPI, 

several 
Balanced sampling, network 

shortcuts, degree-balanced 

sampling, multiple negative 

rules 

We compare their 

mechanisms within one 

framework 

 124 
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2 Evidence and selection in negative construction 125 

Two attributes are needed to describe a negative set: the evidence supporting its labels and the 126 

procedure used to select its members. These attributes need to be considered separately. Figure 1 127 

uses them as two axes for organising the resources and studies reviewed here. 128 

2.1 Label evidence 129 

Measured. An experiment tested the pair and did not detect an interaction or activity: 130 

• inhibitor–kinase combinations measured in profiling panels [37]; 131 

• compounds recorded as inactive in screening campaigns [38, 39]. 132 

Negatives derived from large two-hybrid screens are discussed in Section 3.6 rather than listed 133 

here, because whether a given pair was actually tested must itself be inferred [40]. 134 

The interpretation of a measured negative depends on the assay. Non-detection is limited by 135 

assay and sampling sensitivity [7], while an inactive label depends on the activity threshold and 136 

experimental conditions [6, 41]. 137 

Inferred. The label comes from reasoning about a specific pair rather than from testing it. An 138 

example is two proteins that belong to a solved complex but make no contact in its three-139 

dimensional structure [2]. 140 

Curation describes how a resource is assembled, but does not establish the evidence for every 141 

label. The Negatome database, for example, contains both literature reports with experimental 142 

support and structure-based inferences [2, 3]. The two subsets therefore require different 143 

descriptions of their label evidence. 144 

Unlabelled. The pair simply has no recorded interaction. It may never have been tested, or it may 145 

have been tested without the result being reported. How many hidden positives such pairs contain 146 

depends on how complete the interaction map is [8]. It also depends on how intensively the 147 

entities involved have been studied, because the number of recorded partners of a protein reflects 148 

how often it has been screened [42]. 149 

2.2 Selection rule 150 

The second axis describes how pairs enter the negative set: 151 
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• All tested pairs, as in a complete profiling panel. 152 

• Uniform random sampling of unobserved pairs. 153 

• Filters that keep only pairs judged unlikely to interact, for example proteins in different 154 

subcellular compartments [15] or pairs dissimilar to known partners [43, 44]. 155 

• Balancing so that each entity appears as often among negatives as among positives [36, 45]. 156 

• Property matching, which selects decoys that resemble active compounds in 157 

physicochemical properties [46, 47]. 158 

Filters apply assumptions about which pairs are unlikely to interact. A localisation filter, for 159 

example, changes which unlabelled pairs enter a dataset without providing a measurement for 160 

any individual pair. Their label evidence remains unlabelled. 161 

2.3 Combining the axes 162 

Most resources occupy one cell of Fig. 1, and some span several: 163 

• The LIT-PCBA benchmark, built from PubChem bioassays, combines measured inactives 164 

with property-range matching [39]. 165 

• The DUD-E decoy set (Directory of Useful Decoys, Enhanced) combines presumed 166 

inactives with property matching [47]. 167 

• Liu et al. [43] applied a dissimilarity filter to unlabelled pairs. 168 

• The AI-Bind pipeline combined network-derived negatives with experimentally confirmed 169 

non-binders in order to balance each node [11]. 170 

Figure 1 is a reading aid for the selected literature rather than a new classification system. An 171 

empty cell indicates that no included study falls in that combination; it does not establish a 172 

research gap. 173 

PU learning does not appear in the grid, because it is not a source of negatives but a way of 174 

learning without them (Section 3.7). 175 
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 176 

Fig. 1. Two axes for describing negatives in PPI and DTI studies. Rows give the label evidence: measured 177 
(tested, not detected or inactive); inferred for a specific pair, for example from structure; unlabelled. Columns give 178 
the selection rule: all tested or assay-defined pairs; curated entries; uniform random sampling; localisation filter; 179 
similarity or dissimilarity filter; degree or frequency balancing; property matching. Representative resources and 180 
studies are placed in the cells: 181 

• Davis kinase panel and KIBA integrated activity scores [37, 41]; PubChem high-throughput screening (HTS) 182 
inactives [38]; 183 

• Negatome literature and structure subsets [2, 3]; 184 

• LIT-PCBA [39]; 185 

• DUD and DUD-E decoys [46, 47]; 186 

• localisation-based negatives [15, 48]; 187 

• dissimilarity-filtered negatives [43, 44]; 188 

• balanced negatives [11, 13, 14, 36, 45], where AI-Bind (*) also adds experimentally confirmed non-binders 189 
[11]; 190 

• random negatives [35, 48], a common default in DTI prediction [49]. 191 

The grid is a reading aid for the studies reviewed here. An empty cell means no example among the selected studies 192 
and does not by itself indicate a research gap. 193 

 194 

3 Negative-selection strategies and their trade-offs 195 

Table 2 compares six negative-selection strategies and positive-unlabelled learning, which offers 196 

a related approach to using unlabelled data. The evidence below concerns both confidence in 197 

individual labels and changes to the distribution of selected pairs. Improving the former can 198 

substantially alter the latter, with different consequences for training and evaluation. 199 
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3.1 Random unobserved pairs 200 

The simplest choice samples pairs with no recorded interaction, often among proteins or drugs 201 

that already appear in the positive set [48]. In DTI prediction this remains a common default [49]. 202 

Its justification is sparsity: in a sparse interaction space, uniformly sampled unobserved pairs may 203 

contain relatively few hidden positives [9]. The contamination rate nevertheless depends on the 204 

candidate entities and on any sampling restrictions. 205 

A concern with random pairing is the uneven representation of entities in interaction networks. A 206 

few proteins and drugs have many recorded partners, whereas most have few. Positive pairs over-207 

represent well-connected entities, but uniformly sampled negatives do not. A classifier can 208 

exploit this difference by learning how often each entity occurs among the positives. Hub 209 

proteins inflated the reported accuracy of sequence-based PPI predictors [45]. When sequence 210 

similarity between training and test proteins was minimised, deep sequence-based PPI models fell 211 

to random performance, implicating similarity and node degree in their earlier success [12]. 212 

Degree-related shortcuts have also been described for protein–ligand binding [11] and other 213 

biomolecular interactions [13]. Several published PPI predictors failed to outperform models 214 

using features with no logical link to interaction; the authors attributed this result partly to the 215 

uneven study of proteins in the literature [50]. 216 

The relevance of degree information depends on the prediction task. Park and Marcotte [35] 217 

argued that sequence features and protein "hubbiness" can both contribute to useful prediction, so 218 

degree information is not inherently an artefact. In compound–protein prediction, random pairing 219 

for training and evaluation produced better generalisation than more elaborate negative-selection 220 

schemes [10]. These findings support random negatives as a practical default, accompanied by a 221 

degree-only baseline to show how much performance degree alone explains. 222 

3.2 Localisation filters 223 

Early PPI studies selected "gold-standard" negatives from proteins annotated to different 224 

subcellular compartments, reasoning that proteins unlikely to meet were also unlikely to interact 225 

[15]. Ben-Hur and Noble [51] showed that this restriction made negatives easier to distinguish 226 

and biased accuracy estimates upwards for both sequence-based and other predictors. Later users 227 

of the strategy acknowledged the problem [48], and the Negatome curators noted that 228 

localisation-based negatives tend to contain functionally dissimilar proteins [2]. Greater 229 
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confidence in these labels therefore comes with a change in the pairs on which the predictor is 230 

assessed. 231 

3.3 Similarity and dissimilarity filters 232 

A related idea keeps only unobserved pairs whose members are dissimilar to known partners. The 233 

DeNovo predictor applied it to virus–host PPIs, selecting negatives by sequence dissimilarity to 234 

reduce label noise [44]. For compound–protein pairs, Liu et al. [43] used the converse of the 235 

similarity principle: a protein dissimilar to every known target of a compound is unlikely to be 236 

targeted by it. They reported much higher classifier performance on the screened negatives than 237 

on random ones. 238 

Neumann et al. [9] showed that constructing test negatives in this way makes the classification 239 

problem easier and over-estimates accuracy. They distinguished this from using filtered negatives 240 

only during training, which does not itself leak information. Even in that setting, however, 241 

differences between the training and test distributions may outweigh the reduction in label noise. 242 

The relevant evidence for a benefit is performance on an independent test set representing the 243 

intended application. 244 

3.4 Degree- and frequency-balanced sampling 245 

To remove the degree shortcut, several studies sample negatives so that each entity appears as 246 

often among negatives as among positives, or so that the degree distributions match: 247 

• Yu et al. [45] proposed such a balanced negative set for PPIs. 248 

• Najm et al. [36] applied the principle to drug–target pairs. When identifying targets for a 249 

given drug, they found fewer false positives among the top-ranked targets. 250 

• AI-Bind combined network-derived negatives with experimentally confirmed non-binding 251 

pairs, so that every protein and ligand had both positive and negative examples [11]. 252 

• Degree-distribution-balanced sampling was proposed for several interaction types [13]. 253 

A recent PPI benchmark showed how much the choice matters. Replacing random with degree-254 

matched negatives lowered the area under the precision–recall curve (AUPRC) of its gradient-255 

boosting model by 0.049–0.259 across datasets and changed the ranking of models [14]. 256 
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Balanced sampling answers a different question from random sampling, and the two have been 257 

confused. Park and Marcotte [35] argued that Yu et al. [45] reached an erroneous conclusion, 258 

namely that sequence features are barely better than random, because their balanced test sets did 259 

not represent the population of candidate pairs. Lannelongue and Inouye [32] restated the point: 260 

balanced sampling helps training but should not be used to evaluate models. We read this as 261 

applying to the main performance estimate. Reported alongside random negatives, balanced 262 

evaluation remains informative as a diagnostic. A drop in performance when degree is equalised, 263 

as reported in a recent PPI benchmark [14], suggests that the model may have used degree-related 264 

signal. Because equalising degree also changes which pairs are tested and how hard the task is, 265 

such a drop is best read together with a degree-only baseline. Balanced sampling is also 266 

appropriate for training when the task is to rank partners of a given entity, as in target 267 

identification for a drug [36]. Li et al. [13] trained on balanced negatives but sampled test 268 

negatives at random, which keeps the two purposes apart. 269 

3.5 Property-matched decoys in virtual screening 270 

Virtual screening evaluates compounds against a specified target, whereas pairwise DTI 271 

prediction spans both compounds and targets. Decoy benchmarks pair active compounds with 272 

presumed inactives that have similar physicochemical properties but different molecular 273 

topologies. Property matching is intended to limit enrichment driven by gross property 274 

differences, while topological differences reduce the likelihood that the decoys bind [46, 47]. 275 

These are presumed inactive compounds, without measured evidence of inactivity. 276 

Reusing decoy benchmarks for machine learning exposed biases in their construction. 277 

Convolutional models trained on DUD-E exploited analogue and decoy bias rather than protein–278 

ligand interactions [52], and models also learned biases in other standard structure-based 279 

benchmarks [53]. In ligand-based prediction, redundancy between training and validation 280 

compounds, including both actives and inactives, explained much of the reported performance 281 

[54]. 282 

LIT-PCBA addressed these problems using confirmed actives and inactives from dose–response 283 

PubChem assays, restricting both groups to similar property ranges and pruning residual bias 284 

[39]. Decoy sets remain useful for evaluating docking against a particular target. Their 285 
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interpretation should remain specific to that task when considering negatives for general pairwise 286 

DTI prediction. 287 

3.6 Experimentally supported negatives 288 

PPIs. 289 

• Negatome collects non-interacting pairs from two sources with different kinds of evidence 290 

[2, 3]: 291 

– pairs reported as non-interacting in the literature with experimental support; 292 

– pairs inferred from three-dimensional structures of complexes in which the two proteins 293 

do not touch. 294 

Its curators note a clear bias toward well-studied cases [3]. 295 

• Large two-hybrid screens offer another source: pairs that were probably tested but not 296 

observed [40]. Whether a pair was tested is itself an inference. Non-detection also reflects 297 

the sensitivity of the assay and of sampling, so it is evidence of absence rather than proof [7]. 298 

DTIs. 299 

• A kinase profiling panel measured every combination of 72 inhibitors and 442 kinases [37]. 300 

• Public high-throughput screens record inactive compounds alongside actives validated in 301 

confirmation screens [38]. LIT-PCBA retains confirmed inactives from dose–response 302 

assays [39]. 303 

• Integrated activity scores such as KIBA combine heterogeneous IC50, Ki and Kd 304 

measurements. Only about 1% of compound–kinase pairs in the released matrix have a 305 

score, so low activity, missing values and untested pairs must be kept apart [41]. 306 

These resources require assay definitions and thresholds to accompany their labels. Prospective 307 

testing provides additional evidence about predictive performance: Cichonska et al. [55] 308 

predicted unmeasured kinase inhibitor affinities, assayed 100 compound–kinase pairs and 309 

reported a correlation of 0.77 between predicted and measured values. 310 
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3.7 Positive-unlabelled learning 311 

Positive-unlabelled (PU) learning uses the distinction between observed positives and unlabelled 312 

pairs without assigning a negative label to every unlabelled example. Two broad approaches are 313 

relevant here: 314 

• Two-step methods first extract "reliable" negatives from the unlabelled set and then train a 315 

standard classifier. The PUDTI method took this route for DTIs [49]. 316 

• Direct methods learn from positives and unlabelled data under an assumption about how the 317 

positives came to be labelled: 318 

– the classic assumption is that labelled positives are a random sample of all positives, 319 

"selected completely at random" (SCAR) [56]; 320 

– bagging over random subsamples of the unlabelled set is another widely used approach 321 

[57]; 322 

– the wider literature covers methods for other labelling assumptions [26, 27]. 323 

The SCAR assumption warrants scrutiny in interaction data because the number of recorded 324 

partners of a protein depends on how often it has been screened [42]. This association does not 325 

establish a violation in any particular dataset, but it does mean that random labelling should be 326 

justified when assumed. 327 

PU learning also provides methods for evaluation when some unlabelled pairs are positive. 328 

Treating all such pairs as negatives biases performance estimates, such as the area under the 329 

receiver operating characteristic (ROC) curve. Corrections are possible under specified labelling 330 

assumptions if the class prior is known or can be estimated; where labelled positives also contain 331 

errors, the noise rate is required as well [58, 59]. 332 
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Table 2. Strategies for selecting negative pairs in PPI and DTI prediction. Label evidence and selection correspond to the two axes of Fig. 1. 333 

Strategy Label evidence How pairs are selected Representative uses Designed to 

address 
Documented limitations Appropriate use 

Random 

unobserved pairs 
Unlabelled Uniform sampling of 

unobserved pairs, often 

among entities present in 

the positive set [48] 

PPI [35, 48]; DTI/CPI, a 

common default [10, 49] 
Scale; few hidden 

positives in a 

sparse interaction 

space [9] 

Positives and negatives differ in node 

degree, so models can score well from 

degree alone [11–13, 45]; some 

published methods did not beat 

"illogical"-feature controls [50] 

Default when the intended use is 

screening of all candidate pairs, where 

degree can be genuinely informative [35]; 

in CPI, random pairing generalised better 

than more elaborate schemes [10]; report 

degree-only baselines 
Localisation 

filter 
Unlabelled; filter 

assumes differently 

localised proteins 

rarely interact 

Pairs of proteins 

annotated to different 

compartments [15] 

PPI [15, 48] Higher-

confidence 

negatives 

Constrains the negative distribution, 

makes the task easier and inflates 

accuracy estimates [51], as later 

acknowledged [48]; skews negatives 

toward functionally dissimilar pairs [2] 

May be considered for training if the 

benefit is shown on an independent test 

set that matches the intended use; a test 

set built this way supports conclusions 

only about the restricted pairs 
Similarity or 

dissimilarity 

filter 

Unlabelled Keep unobserved pairs 

dissimilar to known 

partners or targets 

(sequence or multi-

source similarity) 

Virus–host PPI [44]; CPI 

[43] 
Fewer hidden 

positives 
Test sets built this way are easier than 

the real task and over-estimate accuracy 

[9]; higher scores on screened than on 

random negatives [43] are therefore not, 

on their own, evidence of better 

generalisation 

May be used for training; confirm any 

gain on an independent test set that 

matches the intended use, because the 

train–test distribution shift can lower 

accuracy [9] 

Degree- or 

frequency-

balanced 

sampling 

Unlabelled; 

sometimes 

combined with 

measured non-

binders [11] 

Each entity appears as 

often in negatives as in 

positives, or the degree 

distribution is matched 

PPI [14, 45]; DTI [11, 

36]; several interaction 

types [13] 

Remove the 

degree shortcut 
Answers a different question from 

random sampling: judging population-

level performance on balanced test sets 

produced a disputed conclusion [35, 45]; 

balanced sampling helps training but 

should not supply the main performance 

estimate [32]; model rankings change 

between random and degree-matched 

negatives [14] 

Diagnostic or control evaluation reported 

alongside random negatives; training 

option for ranking partners of a given 

entity [36]; balanced training can be 

paired with random test negatives [13] 

Property-

matched decoys 

(target-specific 

virtual screening) 

Unlabelled: decoys 

presumed inactive 
Match the 

physicochemical 

properties of actives 

while maximising 

topological dissimilarity 

[46, 47] 

Docking and virtual-

screening benchmarks 

(DUD, DUD-E); not used 

for PPI 

Prevent 

enrichment driven 

by gross property 

differences 

Analogue and decoy biases, and 

machine-learning models can learn the 

construction rule [52, 53]; training–
validation redundancy inflates ligand-

based benchmarks [54]; DUD, DUD-E 

and MUV judged biased [39] 

Benchmarking screening for a given 

target, with bias checks; not as negatives 

for general pairwise DTI models; for 

machine learning, prefer confirmed 

inactives [39] 

Experimentally 

supported 

negatives 

Measured (tested, 

not detected or 

inactive) or inferred 

from structure; 

classified per subset 

All measured pairs in a 

panel, assay-defined 

inactives, or curated 

entries 

PPI: Negatome literature 

and structure subsets [2, 

3]; two-hybrid pairs 

probably tested but not 

observed, with testing 

itself inferred [40]. DTI: 

kinase panel [37]; 

integrated scores [41]; 

PubChem HTS inactives 

[38]; confirmed inactives 

[39] 

More direct label 

evidence 
Small and biased toward well-studied 

cases [3]; few target classes; labels 

depend on thresholds and assay 

conditions; non-detection reflects assay 

and sampling sensitivity [7]; integrated 

scores leave most pairs unmeasured [41] 

Prefer when the assay and threshold 

match the intended use; report assay type, 

thresholds and the tested space 
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Strategy Label evidence How pairs are selected Representative uses Designed to 

address 
Documented limitations Appropriate use 

Related 

approach: PU 

learning (not a 

source of 

negatives) 

Unlabelled pairs 

treated as a mixture 

of positives and 

negatives 

Two-step extraction of 

reliable negatives [49], 

or learning positives 

versus unlabelled under 

a labelling assumption 

[26, 56, 57] 

DTI [49] Avoid treating 

unlabelled pairs 

as negatives 

Results depend on the labelling 

assumption, e.g. SCAR [56], which 

study bias makes questionable [42]; 

naive ROC and precision–recall 

estimates from positive-versus-

unlabelled data are biased [58, 59] 

When the labelling mechanism or class 

prior can be justified or estimated; under 

stated labelling assumptions, class priors 

(and label-noise rates) allow corrected 

performance estimates [58, 59] 

 334 
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4 Negative examples in training and evaluation 335 

4.1 Two purposes 336 

Park and Marcotte [35] distinguished two reasons for sampling negatives: 337 

• Training negatives should help a model learn a useful decision rule, and they may be biased 338 

if that helps. 339 

• Test negatives should allow the measured performance to be generalised to the pairs the 340 

model will be applied to, so they should be unbiased with respect to those pairs. 341 

This distinction helps interpret the strategies in Section 3. A selection rule may be useful during 342 

training yet yield a misleading performance estimate if it also determines which negatives appear 343 

in the test set. 344 

Hamp and Rost [60] further showed that the comparison depends on the relationship between the 345 

training and test data: 346 

• performance depends on how similar test proteins are to the training negatives, not only to 347 

the training positives; 348 

• which method appears best depends on that similarity, on how many true interactions should 349 

be found, and on the expected ratio of negatives to positives. 350 

4.2 Sharing a construction rule between training and test 351 

A shared construction rule becomes problematic when it produces differences between positives 352 

and negatives that a model can exploit but will not encounter in use. Localisation filters [51], 353 

similarity filters [9] and decoy generation [52, 53] can create such differences. This is a form of 354 

shortcut learning, in which a decision rule performs well on the benchmark but fails to transfer to 355 

more realistic conditions [61]. Using the same rule for training and testing is therefore not, by 356 

itself, sufficient to diagnose the problem. 357 

We call this construction bias rather than leakage. Leakage refers to information flowing illicitly 358 

between training and test data, which yields performance estimates better than those seen in the 359 

intended application [30, 31]. Construction bias can arise even when training and test sets are 360 

perfectly separated. 361 
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4.3 Splitting first, then constructing negatives 362 

For pairwise prediction, a split defines which combinations of familiar and unseen entities are 363 

evaluated. 364 

• PPI. Park and Marcotte [62] classified test pairs by whether both proteins (C1), one protein 365 

(C2) or neither (C3) appear in the training set. More than 99% of the test pairs in typical 366 

cross-validation fell into C1, yet C1 pairs are a minority of all possible human protein pairs. 367 

Cross-validated performance therefore did not describe the other two classes. 368 

• DTI. Pahikkala et al. [6] made the same distinction, according to whether training and test 369 

sets share drugs, targets, both or neither, and listed it among four factors that can produce 370 

over-optimistic results. 371 

Entity overlap is not an error in itself. If the intended use is to find new interactions among 372 

already-studied proteins, C1-type evaluation is appropriate, provided this limitation is stated [62]. 373 

The error is a mismatch between the split and the intended use. Each of the following answers a 374 

specific question: 375 

• strict splits that exclude proteins similar to those seen in training [12, 63]; 376 

• cluster-based splits that keep compound series together [64]; 377 

• time splits that mimic prospective prediction [65]. 378 

Negatives should be built after the split, within the candidate pairs that each partition allows. 379 

Each construction step should state which data it uses and whether those data would be available 380 

in the intended application: 381 

• Network-based or fitted rules (degree balancing, network-derived negatives, two-hop 382 

"hard" negatives) must not use evaluation labels; in practice their statistics are usually taken 383 

from the training side. One recent benchmark, for example, defined its two-hop negatives 384 

using the training-positive graph only [14]. 385 

• Test-set construction necessarily uses evaluation data, but none of that information should 386 

feed back into model training, preprocessing fits or model selection. 387 

The information available to a model also differs between transductive and inductive settings. In 388 

a transductive setting, all entities are present during training, including those later evaluated. In 389 

an inductive setting, test entities are absent from training, although their features are available 390 
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when predictions are made [66]. Access to a test entity is therefore not automatically leakage; the 391 

relevant question is whether that information would be available in the stated application. 392 

4.4 Class ratio and metrics 393 

The ratio of negatives to positives in a test set is also a design choice. 394 

• AUROC (area under the ROC curve) does not depend on this ratio as long as the score 395 

distributions within each class stay the same. It does depend on which negatives are chosen, 396 

so it is not invariant to the construction rule. 397 

• Precision-based measures depend directly on the ratio. Precision–recall curves show more 398 

directly the trade-off between retrieving positives and keeping predictions precise, which 399 

matters when negatives greatly outnumber positives [67]. The two kinds of curve are 400 

nonetheless linked: a curve dominates in ROC space if and only if it dominates in precision–401 

recall space [68]. 402 

The true ratio is rarely known: 403 

• The PPI predictor D-SCRIPT chose ten negatives per positive on the grounds that true 404 

interactions are rare [69]. 405 

• Published PPI performance was overstated when evaluation used a higher proportion of 406 

positives than occurs naturally [50]. 407 

When the realistic ratio is unknown, results should be reported across several plausible ratios. 408 

Two further cautions apply: 409 

• Sampled ranking metrics. In recommender systems, metrics computed on a sample of 410 

candidates were shown to be inconsistent with their full versions, to the point that a 411 

comparison between two methods need not hold even in expectation [70]. 412 

• Incomplete positives. When some positives are unlabelled, PU corrections can recover 413 

performance estimates under the stated labelling assumptions, given the class prior [58, 59]. 414 

Figure 2 places these choices along a typical PPI or DTI pipeline. 415 
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 416 

Fig. 2. Where negative choices enter a PPI or DTI pipeline. The intended use determines the split (C1–C3, 417 
drug/target settings, cluster or time). Negatives are then built separately within the training and test partitions, and 418 
test negatives are drawn with one or more class ratios before metrics are computed. Each step uses only information 419 
that the declared inductive or transductive application would have; evaluation labels never enter training, 420 
preprocessing fits or model selection. Markers show where documented problems enter: 421 

• (a) a shortcut created by a construction rule shared by training and test sets; 422 

• (b) a split that does not match the intended use; 423 

• (c) degree shortcuts; 424 

• (d) a class ratio that does not match the application; 425 

• (e) decoy bias (virtual screening only); 426 

• (f) leakage, when test information enters training, preprocessing fits or model selection. 427 

 428 

5 Choosing, evaluating and reporting negatives 429 

5.1 Start from the intended use 430 

The biological question determines which candidate pairs belong in the test set. Three common 431 

settings illustrate the implications for splitting and negative selection: 432 

1. Screening all candidate pairs, for example to propose new interactions across a proteome 433 

or a compound library. Test negatives should resemble the candidate pairs: random 434 

unobserved pairs, with results reported separately for C1, C2 and C3 pairs, or for the DTI 435 

equivalents [6, 62]. 436 
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2. Ranking candidates for a given entity, such as targets for a drug or active compounds for a 437 

target. Training schemes, including balanced sampling, can be compared for this task [36]. 438 

Evaluation, however, should keep an explicit set of candidate targets or compounds, state the 439 

label evidence for each, and use ranking metrics over that set; Najm et al. [36] assessed 440 

where the true targets ranked among the candidates. Balanced test negatives do not by 441 

themselves represent the candidate set. Decoy benchmarks apply only to virtual screening 442 

and require bias checks (Section 3.5). 443 

3. Predicting for new proteins, drugs or species, for example across species [69] or for novel 444 

viruses [44]. This requires splits that keep the new entities out of training. When the goal is 445 

to predict for proteins of low sequence similarity or compounds with new scaffolds, similar 446 

entities must be excluded as well [12, 63, 64]. 447 

5.2 Choosing training negatives 448 

Training negatives can be selected to improve learning, even if their distribution differs from that 449 

expected in use (Section 4.1). The following choices require evidence appropriate to the task: 450 

• Measured inactives, when they exist and their threshold matches the intended use. 451 

Examples are kinase panels [37] and confirmed screening inactives [39]. 452 

• Random unobserved pairs otherwise, reported with a degree-only baseline [10, 35]. 453 

• Localisation or similarity filters may be considered for training, provided their benefit is 454 

demonstrated on an independent test set appropriate to the intended application [9]. A test set 455 

built with the same filter supports conclusions only about the restricted pairs [51]. 456 

• Balanced sampling for per-entity ranking tasks, or as a robustness check [13, 36]. 457 

• PU methods when the labelling mechanism or the class prior can be argued [26]. 458 

5.3 Evaluating 459 

The following checks help distinguish gains in prediction from advantages introduced by the 460 

evaluation design: 461 

1. Report results under more than one negative rule where the rule could matter. When degree 462 

differences could create a shortcut, add degree-matched negatives as a control, and add 463 
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measured negatives where they exist. A recent benchmark recommends interpreting models 464 

across such rules rather than under a single one [14]. 465 

2. Include baselines that use only node degree or only sequence or chemical similarity, together 466 

with a control model built on uninformative features [12, 50]. If a proposed model does not 467 

beat these baselines, its advantage is unproven. 468 

3. Choose the split from the intended use (Section 4.3), and report the C1/C2/C3 or drug/target 469 

breakdown. 470 

4. Report performance at several plausible class ratios when the true ratio is unknown (Section 471 

4.4). 472 

5. Repeat the negative sampling and report the variability across draws. Najm et al. [36], for 473 

example, generated five negative sets per scheme. 474 

5.4 Reporting 475 

Table 3 lists the information needed to interpret a negative set and its use in evaluation. It 476 

complements the DOME recommendations for data, optimisation, models and evaluation in 477 

biological machine learning [28], and the guiding questions on leakage [31], with details specific 478 

to negative construction. 479 

Table 3. Reporting checklist for negatives in PPI and DTI studies. 480 

# What to report Why it matters Evidence 

1 Source, version and filters of the 

positive pairs 
Positives define which entities, and 

how many partners per entity, the 

negatives are contrasted with 

[12, 42, 45] 

2 Label evidence of the negatives 

(measured, inferred or unlabelled) 

and the selection rule with its 

parameters (thresholds, similarity 

cut-offs, localisation source, decoy 

generator) 

Different rules change task 

difficulty and what a model can 

learn 

[9, 51, 52] 

3 Order of operations: whether 

negatives were built after the split, 

and which data each rule used 

Using test information for training, 

preprocessing fits or model 

selection, when the application 

would not have it, inflates 

estimates; building the test set itself 

necessarily uses evaluation data 

[14, 30, 31] 

4 The negative rule for training and 

for testing, and whether they are the 

same 

A shared rule can reward a shortcut 

that will not exist in use 
[9, 35] 
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# What to report Why it matters Evidence 

5 Negative-to-positive ratio in 

training and test sets, with 

sensitivity analysis if the true ratio 

is unknown 

Precision-based metrics depend on 

the ratio 
[50, 67] 

6 Split type (C1–C3, drug/target 

settings, cluster, time) and similarity 

thresholds 

Determines which kind of new pair 

the score describes 
[6, 62, 65] 

7 How often each entity appears 

among positives versus negatives 
Detects degree imbalance [13, 36, 45] 

8 Results of degree-only and 

similarity-only baselines 
Shows how much performance a 

shortcut alone explains 
[12, 50] 

9 AUPRC with the class ratio, 

AUROC, and PU-corrected 

estimates with the labelling 

assumption stated if a class prior is 

assumed 

Makes metrics comparable and 

honest about imbalance 
[58, 67] 

10 Variability across negative draws; 

negative pairs released with stable 

identifiers (UniProt, ChEMBL or 

PubChem) 

Allows the comparison to be 

reproduced and re-analysed 
[28, 36] 

 481 

5.5 For groups generating data 482 

Experimental groups can improve the reuse of negative results by retaining the following 483 

information: 484 

• Record the tested space. Report which pairs were tested, not only which were detected. 485 

Without the tested space, a non-detection cannot be told apart from a pair never assayed [7, 486 

40]. 487 

• Report the assay context. Give the assay type and conditions, the concentration range or 488 

activity threshold, the detection limit and the number of replicates. This lets others tell a 489 

weak binder from an inactive or an untested pair [41]. 490 

• Deposit inactive results with stable identifiers. Report inactives alongside actives. Large 491 

initiatives now plan to release both positive and negative binding data openly, for example 492 

from affinity-selection mass spectrometry and DNA-encoded library screens [71]. 493 

6 Negative sampling in other link-prediction settings 494 

PPI prediction is link prediction in a protein network, and DTI prediction is link prediction in a 495 

bipartite network of compounds and targets. Other tasks that learn from observed links face the 496 

same lack of recorded negatives. They include recommendation from implicit feedback, where 497 
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only actions such as clicks or purchases are recorded and dislikes are not. They also include 498 

knowledge-graph completion, which predicts missing facts stored as (head, relation, tail) triples, 499 

and link prediction in social and information networks. Negative sampling has been reviewed for 500 

recommendation [33] and for knowledge-graph representation learning [34]. This section does 501 

not survey those fields; it asks which conclusions of the present review carry over to them. Table 502 

4 compares the four settings on three questions: what an unobserved pair can mean, which 503 

negatives are used for training and for evaluation, and what information evaluation may use. 504 

Training practice is similar across these fields. Bayesian personalized ranking learns from pairs 505 

of an observed and an unobserved item for each user and samples such pairs during training [72]. 506 

TransE, a knowledge-graph embedding model, is trained against corrupted triples in which the 507 

head or tail entity of a true triple is replaced by a random entity [73]. Both are forms of random 508 

sampling of unobserved pairs (Section 3.1), and both accept that some sampled negatives are 509 

unrecorded positives. Contrastive representation learning, which learns embeddings by pulling 510 

related samples together and pushing negatives apart, makes the same choice when randomly 511 

drawn samples serve as negatives. Chuang et al. [74] corrected the contrastive objective for 512 

negatives that share the anchor's label, without knowing the true labels; the correction parallels 513 

the PU methods of Section 3.7. 514 

The evaluation problems are also shared. Yang et al. [75] showed that common practices in 515 

evaluating link prediction can lead to questionable conclusions and, because of extreme class 516 

imbalance, recommended precision–recall curves over ROC curves, in line with Section 4.4. Li et 517 

al. [76] identified easy negative samples as one of the main pitfalls in benchmarking graph neural 518 

networks for link prediction, and proposed an evaluation setting with hard negatives sampled by 519 

heuristics. On dynamic graphs, a baseline that only memorises past edges performed surprisingly 520 

well because easy negative edges were often used for evaluation, and harder negative-sampling 521 

strategies were introduced in response [77]. As with degree-matched negatives in PPI 522 

benchmarks (Section 3.4), harder test negatives change the question a benchmark answers, and 523 

we expect them to be most informative when reported alongside negatives that represent the 524 

candidate pairs. The problem of sampled ranking metrics discussed in Section 4.4 comes from the 525 

same literature [70]. 526 
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Unrecorded positives are handled in different ways. Knowledge-graph completion commonly 527 

reports a “filtered” setting, in which corrupted triples that appear in the training, validation or test 528 

data are removed before the true triple is ranked [73]. This removes known positives from the 529 

negatives but not positives that were never recorded, which is the situation of unlabelled pairs in 530 

Section 2.1. In recommendation, Steck [78] treated the absence of ratings as informative and 531 

proposed test measures that can be estimated without bias, under mild assumptions, even when 532 

ratings are missing not at random. Ratings are missing not at random when whether a rating is 533 

observed depends on the rating itself. Missingness in interaction data is not random either: 534 

whether an interaction is recorded depends on how often its members have been studied (Sections 535 

2.1 and 3.7). More generally, a negative set chosen by a rule is a sample whose selection depends 536 

on properties of the pairs. Zadrozny [79] formalised this sample selection bias for classifier 537 

learning, analysed how common learners are affected and proposed a correction that is 538 

particularly useful for evaluation. 539 

The data-mining literature also offers a general account of leakage. Kaufman et al. [80] defined 540 

leakage as the introduction of information about the target that should not legitimately be 541 

available, and showed that it can be avoided by careful data management followed by a “learn-542 

predict separation”. Building negatives after the split, from the information each partition is 543 

allowed to use (Section 4.3), applies this separation to negative construction. Construction bias 544 

(Section 4.2) is a separate problem, because it can arise without any leakage. 545 

Three conclusions appear to carry over. First, negatives chosen to help training need not represent 546 

the candidates a model will rank in use, so training and evaluation negatives should be described 547 

separately (Section 4.1). Second, easy test negatives can inflate performance, as shown for 548 

interaction prediction (Section 3.3) and for static and dynamic graphs [76, 77]. Simple baselines, 549 

such as degree-only models (Section 5.3) and memorisation of past edges, show how much of a 550 

score such negatives explain. Third, a rule that draws on network statistics or known positives 551 

should state which data it uses. In interaction prediction, such rules must not use evaluation labels 552 

and usually take their statistics from the training graph (Section 4.3). In knowledge-graph 553 

completion, the filtered setting uses known triples from all splits, but only to remove them from 554 

the candidates [73]. Other conclusions depend on the task. Whether degree or popularity is a 555 

shortcut or a legitimate signal depends on the intended use, as Section 3.1 argues for degree in 556 

PPI prediction. Measured negatives with assay thresholds exist only for some interaction tasks 557 
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(Section 3.6), where they allow a sampling rule to be checked against pairs that were actually 558 

tested. With implicit feedback or an incomplete knowledge graph, negatives come from 559 

unobserved pairs, so evaluation depends on assumptions about why data are missing [78]. 560 

Finally, classifying test pairs by whether both, one or neither entity appears in training (Section 561 

4.3) corresponds to transductive and inductive evaluation in graph learning [66]. It also 562 

corresponds to warm- and cold-start settings in recommendation, in which users or items have or 563 

lack an interaction history. Reporting results for each class would make benchmarks easier to 564 

compare across these fields. 565 

Table 4. Negatives in four link-prediction settings. Entries summarise the studies cited and are not 566 

exhaustive. 567 

Setting An unobserved pair 

may be 
Training negatives Evaluation negatives 

and known problems 
Information 

evaluation may use 

PPI and DTI 

prediction 
Untested; tested but 

not detected, or 

inactive under an 

activity threshold; a 

true interaction not 

yet recorded (Sections 

2.1, 3.6) 

Random unobserved 

pairs; filtered, 

balanced or property-

matched pairs; 

measured inactives 

where available 

(Section 3) 

Random, degree-matched 

or decoy negatives; filters 

and decoys can make the 

test easier than the 

intended task (Sections 

3.2–3.5); measured 

inactives allow a check 

against tested pairs 

Entity-aware splits 

(C1–C3), with 

negatives built after 

the split; network-

based rules must not 

use evaluation labels 

(Section 4.3) 

Recommendation 

from implicit 

feedback 

An item not seen, 

seen but not chosen, 

or a missing positive 

[33]; data may be 

missing not at random 

[78] 

Uniformly sampled 

unobserved items 

[72]; harder or 

model-based 

negatives [33] 

Metrics computed on 

sampled candidates can 

rank methods differently 

from full ranking; full 

ranking or corrected 

metrics avoid this [70]; 

measures that allow for 

data missing not at 

random [78] 

Each user's remaining 

interactions; in leave-

one-out evaluation, 

one held-out 

interaction per user is 

ranked against the 

items the user has not 

interacted with [72] 

Knowledge-graph 

completion 
A false triple, or a 

true triple not 

recorded in the graph 

[73] 

Corrupted triples 

with a random head 

or tail [73]; harder 

sampling methods 

[34] 

True triples among the 

corrupted candidates can 

be ranked above the test 

triple; the filtered setting 

removes those already 

known [73] 

Known triples from 

all splits, used only to 

remove false 

negatives from the 

candidate list [73] 

Link prediction in 

static and dynamic 

graphs 

An absent edge, or an 

edge not yet formed 

[77] 

Random non-edges 

[77] 
Random negatives are 

easy; heuristic hard 

negatives [76]; historical 

and inductive negatives 

for dynamic graphs [77]; 

extreme class imbalance 

favours precision–recall 

curves [75] 

Transductive or 

inductive setting [66]; 

chronological splits in 

dynamic graphs [77] 

 568 
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7 Open problems 569 

In the evaluation by Bernett et al. [12], sequence-based PPI models performed close to random 570 

under strict splits that minimised similarity to training proteins. The authors called for further 571 

experimental work on poorly characterised interactions. Changing the negative set may reveal 572 

these limitations, but cannot be assumed to resolve them. 573 

Uneven study of proteins also complicates the interpretation of unlabelled pairs. The number of 574 

recorded partners follows screening frequency [42], affecting the prevalence of hidden positives, 575 

the plausibility of PU labelling assumptions and the interpretation of degree-based predictions. 576 

These connections motivate methods that model the labelling process explicitly [26]. 577 

More extensive negative measurements would help address some of these problems. Systematic 578 

screens with a defined tested space [1, 7] and screening campaigns that retain inactive results [39] 579 

provide direct sources of such data. Planned open releases of positive and negative binding data 580 

may expand the evidence available for DTI models [71]. For PPIs, the Negatome curators noted 581 

in 2014 that an experimental method for detecting non-interacting pairs at proteome scale had yet 582 

to be invented [3]. This observation highlights a limitation of obtaining negative evidence at 583 

scale. 584 

Benchmark design can make the effects of negative construction easier to examine. Treating the 585 

selection rule as an explicit parameter and evaluating models under several rules would help 586 

distinguish differences between predictors from differences between their test sets [14]. 587 

Interpretation of corrected performance estimates remains more demanding: PU corrections for 588 

ROC and precision–recall measures depend on a class prior and a labelling assumption [58, 59], 589 

and reliable estimation of these priors in interaction data remains an open problem. 590 

Prospective experimental validation remains necessary to establish whether predictions identify 591 

interactions in practice [55]. Evaluation on constructed negatives provides useful comparative 592 

evidence, but its relevance depends on the candidate pairs and experimental setting to which the 593 

model will be applied. 594 

8 Conclusions 595 

Negative construction needs to be considered when interpreting both a model's performance and 596 

its advantage over other methods. The studies reviewed here do not support a single strategy for 597 
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every PPI or DTI task. Filters, balancing rules and decoys address different problems, and their 598 

benefits during training need not carry over to evaluation. Stating the purpose of each negative 599 

set helps resolve some apparent disagreements in the literature. For practical comparisons, the 600 

essential information is the evidence behind the labels, the pair-selection procedure, the data split 601 

and the class ratio. Degree- and similarity-based baselines then help establish what the predictor 602 

adds. The same distinctions apply to other link-prediction tasks with incomplete observations, 603 

such as recommendation and knowledge-graph completion, although the meaning of a missing 604 

link and the availability of measured negatives differ between them (Section 6). Together, these 605 

details allow readers to judge whether a reported gain is relevant to the biological application for 606 

which the model is proposed. 607 
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