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Abstract

Biomedical research has been previously reported to primarily focus on a minority of all

known genes. Here, we demonstrate that these differences in attention can be explained, to

a large extent, exclusively from a small set of identifiable chemical, physical, and biological

properties of genes. Together with knowledge about homologous genes from model organ-

isms, these features allow us to accurately predict the number of publications on individual

human genes, the year of their first report, the levels of funding awarded by the National

Institutes of Health (NIH), and the development of drugs against disease-associated genes.

By explicitly identifying the reasons for gene-specific bias and performing a meta-analysis of

existing computational and experimental knowledge bases, we describe gene-specific strat-

egies for the identification of important but hitherto ignored genes that can open novel direc-

tions for future investigation.

Author summary

Biomedical research is one of the largest areas of present-day science and embeds the

hope and potential to improve the lives of the general public. In order to understand how

individual scientists choose individual research questions, we study why certain genes are

well studied but others are not. While it has been previously observed that most research

on human genes only concentrates on approximately 2,000 of the 19,000 genes of the

human genome, the reasons for this ignorance are largely unknown. We systematically

test explanations for this observation by compiling an extensive resource that character-

izes biomedical research, including but not limited to hundreds of chemical and biological

properties of gene-encoded proteins, and the published scientific literature on individual

genes. Using machine learning methods, we can predict the number of publications on

individual genes, the year of the first publication about them, the extent of funding by the

National Institutes of Health, and the existence of related medical drugs. We find that bio-

medical research is primarily guided by a handful of generic chemical and biological char-

acteristics of genes, which facilitated experimentation during the 1980s and 1990s, rather
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genes; linkage of genes to publications was
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than the physiological importance of individual genes or their relevance to human

disease.

Introduction

Recent studies have demonstrated the highly imbalanced research effort directed towards indi-

vidual human protein-coding genes [1–8], which manifests itself in several ways, including the

number of publications per gene, the number of human-curated and computationally pre-

dicted functional annotations, the number of gene names and gene symbols, and the number

of patents containing their nucleotide sequences (S1 Fig). Plausibly, this observed disparity

could reflect a lack of importance of many genes, but more likely it could also reflect existing

social structures of research [9, 10], scientific and economic reward systems [11, 12], medical

and societal relevance [13–15], preceding discoveries [2, 16], serendipity [17, 18], the availabil-

ity of technologies [19, 20] and reagents [6, 21], and other intrinsic characteristics of genes

[22–24]. It remains unclear, however, if any of these factors can significantly explain the

observed number of publications on individual human genes. Nor is it known whether

descriptions about the formation of scientific knowledge translate into gene-specific insight,

and whether these reasons for historically grown bias could already be mitigated by current

experimental possibilities.

In order to address these challenges, we created a database cross-referencing chemical,

physical, biological, historical, bibliometric, financial, technological, and experimental data on

all human protein-coding genes from 36 different sources (see Materials and methods). Using

this resource, we show how characteristics of genes relate to the macroscopic output of bio-

medical research in terms of the number of publications, perceived biological importance of

genes, funding, and translational activities. We show different examples of how this resource

can be used to define strategies for a more efficient exploration of the space of biological func-

tions, and provide high-level gene-specific analyses in a series of supplementary tables.

Results

Intrinsic gene characteristics suffice to predict publications

To test if measurable intrinsic chemical, physical, and biological features of genes and gene

products alone suffice to describe the number of publications per gene, we gathered 430 fea-

tures per gene, which could either be computed from known sequences of these genes or

obtained from previously published genome-scale experiments (Fig 1A). Intriguingly, we

observed that 33% of the protein-coding genes carrying an official gene name had an incom-

plete catalog of features. The dominant reasons for the absence of features were the absence of

reported insertions within recent Clustered Regularly Interspaced Short Palindromic Repeats

(CRISPR) loss-of-function screens (about 13% of genes, depending on assay), the absence of

detectable RNA across all tissues and cell lines surveyed by the human protein atlas (6% of

genes), the absence of validated RNA molecules within the Genbank reference database of

RNA molecules (5% of genes), and the absence of reported protein molecules within the Uni-

Prot reference database for protein molecules (3% of genes) (S2A Fig, S1 Table). Foreshadow-

ing our subsequent analyses, the absence of reported features correlated with a lower number

of reported publications (S2A Fig). This initial result illustrates limitations in experimental

approaches and a surprising degree of uncertainty that remains about human genes and the

existence of their gene products.
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IDs, were obtained from NCBI in early 2017

(https://ftp.ncbi.nlm.nih.gov/gene/DATA/gene2go.

gz). Funding information was obtained from NIH

ExPORTER (https://exporter.nih.gov/) in early

2017. Names of genes and chromosomes were

obtained from NCBI NIH in early 2017 (https://ftp.

ncbi.nlm.nih.gov/gene/DATA/gene_info.gz). Article

types and publication titles were obtained from

MEDLINE (https://www.nlm.nih.gov/databases/

download/pubmed_medline.html) through a local

copy of their database in early 2017.

Disambiguated authorship information was

obtained from Clarivate Analytics. SwissProt and

TrEMBL protein sequences, and mapping tables to

Entrez GeneIDs, were obtained from Uniprot in

early 2017 (ftp://ftp.uniprot.org/pub/databases/

uniprot/current_release/knowledgebase/complete/

uniprot_sprot.fasta.gz,ftp://ftp.uniprot.org/pub/

databases/uniprot/current_release/knowledgebase/

complete/uniprot_trembl.fasta.gz,ftp://ftp.uniprot.

org/pub/databases/uniprot/current_release/

knowledgebase/idmapping/idmapping_selected.

tab.gz). Linkage tables between Entrez Gene IDs

and Ensembl Gene IDs were obtained from NCBI

NIH in early 2017 (https://ftp.ncbi.nlm.nih.gov/

gene/DATA/gene2ensembl.gz). Genes and coding

sequences from genomic RNA and validated RNA

sequences were obtained from Genbank (Genome

version GRCh38.p10) (ftp://ftp.ncbi.nlm.nih.gov/

genomes/all/GCF/000/001/405/GCF_000001405.

36_GRCh38.p10), using a manually reviewed

definition of reference chromosomes according to

https://ncbi.nlm.nih.gov/genome. Allele frequencies

in human populations were obtained from the ExAc

database. Compartment information and protein

abundance was obtained from Itzhak and

colleagues. Loss-of-function information in human

cell lines was obtained from Blomen and

colleagues, Hart and colleagues, and Wang and

colleagues. Thermal stability on proteins was

obtained from Leuenberger and colleagues.

Transcript abundance in cells and tissues was

obtained from the human protein atlas. Transcript

stability was obtained from Tani and colleagues.

Genome-wide association studies were obtained

from the NHGRI-EBI Catalog v1.0. A local copy of

the Web of Science Database was obtained from

Clarivate Analytics (and formerly Thomson

Reuters). Homologene Version 68 was obtained

from NCBI NIH (https://ftp.ncbi.nlm.nih.gov/pub/

HomoloGene). Associations between genes and

diseases were obtained from Genecard’s

GeneALaCart service (https://genealacart.

genecards.org) in early 2017 through successive

batch queries with all official human (HUGO) gene

symbols. The BioGRID database was obtained

from BioGRID (Version BIOGRID-3.4.147). Drugs
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To assess whether the values of these features, rather than solely their presence, would

quantitatively inform on the number of publications of individual genes, we proceeded by

only considering the 12,948 genes with a complete set of features (S2 Table). Using gradient

boosting regressions with out-of-sample Monte Carlo cross-validation [25], we could predict

to a significant extent the number of publications on any given gene (Fig 1A, Spearman: 0.64).

Remarkably, 15 out of 430 features contributed the most to our model’s accuracy (S3A Fig)

and fell into six categories that specify the abundance of gene-encoded RNA and protein mole-

cules across multiple tissues (RNA abundance in adrenal glands, appendix, brain, and liver;

fraction of tissues with detectable RNA expression; and protein abundance in HeLa cells), the

positive charge of proteins, the hydrophobicity of proteins, the sensitivity of genes towards

mutations (incidence rate of missense mutations in human populations, incidence rate of loss-

of-function mutations in human populations, tolerance against homozygous or recessive loss-

of-function variation in human populations, CRISPR score in KBM7 cells), the length of the

corresponding transcript and gene, and the presence of signal sequences that promote the

translocation of nascent proteins into the endoplasmic reticulum. These 15 features are suffi-

cient to account for the model’s accuracy because models using exclusively those features

yields prediction accuracies highly comparable to those of the full model when trained on the

same 12,948 genes with a complete catalog of features (Spearman: 0.61, S3B Fig), or on all

15,056 genes on which these 15 features are defined (Spearman: 0.59, S3C Fig).

We therefore used these 15 features to define a 15-dimensional space for the 15,056 genes

that reflects the correlation between publications and individual features and combinations of

distinct features (S3 Table). Clusters of genes within this space were enriched for distinct Gene

Ontology annotations and thus known biological roles (Fig 1B, S4 Fig). This initial finding

demonstrates that the number of publications on genes can be attributed in a large extent

solely to a small set of their physical, chemical, and biological characteristics.

Past research priorities strongly impact current initiatives

The 15 features described above have all been suspected to affect the ability to study specific

genes by traditional methodologies [23, 26–28]. Prompted by this fact and ample sociological

observations on science, that the “rich” can get “richer” [9, 29], we next detailed the consensus

between the overall number of publications per gene and past research. In line with the simi-

larity among prior reports on the disparity in the number of publications per gene, we found

that the present inequality in the number of publications has stayed constant since the year

2000 (S5A and S5B Fig). Similarly, we found the number of publications per gene to be highly

correlated between the current decade and preceding time periods of research (Fig 2A, Spear-

man: 0.84). Interestingly, we also identify six genes that are presently experiencing a strong

increase in their number of publications, which can be traced back to a recent acknowledg-

ment of their medical importance (S4 Table).

In contrast to the alternative hypothesis that research patterns on human genes would be

particularly dynamic [1, 2], and generalizing beyond earlier studies on two gene families [6,

21] and genes expressed specifically in the brain [30], we find that human genes that had been

reported early—as indicated by an early initial publication date on the genes or their encoded

gene products [19, 31]—tend to also be more studied presently (S5C Fig, Spearman: 0.58). For

example, all genes that had been reported upon by 1991 (corresponding to 16% of all genes)

account for 49% of the literature of the year 2015 (S5D Fig). Initial reports further add to the

predictability of the number of publications as an inclusion of their year improves the models’

accuracy (Fig 2B, Spearman: 0.75). To identify the factors associated with the initial reports of

genes, we next created separate models with the above 430 features and trained them to predict

Why potentially important genes are ignored
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and their targets were obtained from DrugBank

(Version 5.0.7). Bioplex 2.0 complexes were

obtained from Huttlin and colleagues.

GenomeRNAi v17 was obtained from www.

genomernai.org. EBI Gene Expression Atlas (GXA)

was downloaded in spring 2017 from www.ebi.ac.

uk/gxa.
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the year of initial publications. While these predictions are slightly less accurate (Fig 2C, Spear-

man: 0.48) than predictions on the number of publications, the underlying models again

selected for highly similar features—most prominently, the presence of signal peptides, the

abundance of transcript and protein molecules, and the sensitivity towards mutations (S5E

Fig, S5 Table). This shows that characteristics of genes, which have been important for the ini-

tial discovery of genes, remain partially correlated with the number of present publications on

those genes.

Fig 1. Physical, chemical, and biological features of genes predict the number of publications. (A) Illustration of modeling approach and prediction of

number of research publications for single genes using information on 430 physical, chemical, and biological features of genes (S1 Data). (B) Research

publications on individual genes grouped by t-SNE visualization using the 15 features most important to the models used in (A). Heatmaps show z-scored

values of the 15 features for the genes in each cluster. Order of features as indicated in S3A Fig (S1 Data). SRP, signal recognition particle; t-SNE, t-

distributed stochastic neighbor embedding.

https://doi.org/10.1371/journal.pbio.2006643.g001
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Fig 2. Features of genes and homologous genes predict discovery of human genes. (A) Number of publications per

gene for past and recent research. Publications of past research (until 2010) are scaled so that the total number of

publications matches present research (2011–2015). Dashed grey lines delimit three standard deviations away from the

mean. (B) Prediction of the number of research publications for the model of Fig 1A extended by including the year of

the first publication on the specific human gene (S1 Data). (C) Prediction of the year of discovery using the features

from Fig 1A (S1 Data). (D) Percentage of publications that cite publications with nonhuman genes more frequently than

they cite publications with human genes (S1 Data). (E) Prediction of the year of initial publications on individual genes

using the features from Fig 1A and the year of the initial publication on homologous genes of nonhuman model

organisms (S1 Data). (F) Prediction of the number of research publications using the features of Fig 1A and the number

of publications on homologous genes (S1 Data).

https://doi.org/10.1371/journal.pbio.2006643.g002
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Similarly, we observe that while the number of publications is correlated between the first

entry (e.g., AKT1) and the second entry (e.g., AKT2) of a gene family (S5F Fig, Spearman:

0.69), first entries have more publications (Mann–Whitney U test: p-value< 10−24). This dem-

onstrates that even among evolutionary and chemically highly related genes, early initial

reports coincide with a higher number of publications (S5F Fig).

Knowledge from model organisms drives research on human genes

Yet, the reduced prediction accuracy observed for the prediction of the year of the initial report

may hint at the presence of another factor or factors that were not included in our curation of

430 gene-intrinsic features. Thus, we performed a bibliometric analysis of PubMed to compare

individual publications against the genes contained in the publications that they cite. Focusing

on the publications reporting the discovery of new human genes, we found an overrepresenta-

tion of publications that cite studies of nonhuman genes (Figs 2D and S6A). Inspecting the

organisms of these genes, we observed two classes of organisms. The first class preferentially

co-occurred together with human genes and consisted ofMus musculus, Rattus norvegicus, Bos
taurus, and Gallus gallus (37%, 9.1%, 2.6%, 2.5% of all citations, respectively). The second class

preferentially occurred in publications without human genes and consisted of Drosophila mel-
anogaster, Saccharomyces cerevisiae, Escherichia coli, Xenopus laevis,Caenorhabditis elegans,
and Schizosaccharomyces pombe (22%, 10%, 4.0%, 2.5%, 1.6%, 1.5% of all citations, respec-

tively) (S6B Fig). Assuming that citations are one proxy of scientific impact, this finding sug-

gests that initial reports on human genes have been particularly influenced by research in

model organisms and that multiple model organisms have contributed complementary roles

in the discovery of human genes.

With these insights, we dramatically increased the prediction accuracy of the year of initial

report of a human gene by including the years of the initial reports on homologous genes of

model organisms (Fig 2E, from Spearman: 0.48 to 0.71). Moreover, the years of the initial

reports on homologous genes improved prediction accuracy of the number of publications to

a greater extent than the year of the initial report on the human genes themselves (S7A Fig,

Spearman: 0.81).

Consistent with the picture emerging from these analyses, the homologous genes of unstud-

ied human genes are likewise unstudied in model organisms (S6 Table), and including the

number of publications on homologous genes yielded almost perfect predictions of the num-

ber of publications for individual human genes (Fig 2F, Spearman: 0.87), while human-specific

genes without homologous genes remain significantly less studied (S7B Fig, Mann–Whitney U
test: p-value< 10−32). Taken together, these findings demonstrate the impact of research on

model organisms on the knowledge acquired on human biology—a hypothesis that had been

proposed but not demonstrated previously [32].

Characteristics of genes affect research on important biology

Given the observed historic continuity of scientific endeavors, we wondered whether biomedi-

cal research has already identified all particularly important human genes and hence allocates

the production of publications accordingly. We follow the naïve assumption that researchers

distribute their attention equally across all genes contained in the same publication (S8 Fig).

Despite this simplifying assumption, we reassuringly observe that genes that have received the

most attention in publications are around three to five times more likely to be sensitive to loss-

of-function mutations or to have been identified in genome-wide association studies (GWAS)

(Fig 3A). This enrichment is greatest for genes that have been repeatedly identified by several

independent studies on the most frequently studied human phenotypic traits. However, we
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observe an extraordinarily more extreme 13-fold enrichment in the average attention when

comparing the genes that have received the least attention to those genes that have received the

highest attention (Fig 3A). Hence, while biomedical research does focus on important genes, a

disproportionally high amount of research effort concentrates on already well-studied genes.

We observe a similar pattern when inspecting the allocation of funding by the National

Institutes of Health (NIH) as another proxy of importance. Although not surprising given the

correlation between the number of publications per gene and the amount of funding allocation

by the NIH (S9A and S9B Fig, Spearman: 0.95), the above modeling strategy accurately pre-

dicts the allocation of billions of research dollars (Fig 3B, Spearman 0.70), and would do so

particularly well for genes supported by multiple grants (S9C Fig). Yet, prediction accuracy

only marginally improves by additionally considering 3,176 features detailing known annota-

tions between genes and diseases (S9D Fig, Spearman: 0.73), and is greatly—but not

completely—impaired if only considering the latter (S9E Fig, Spearman 0.43). This shows that

the previously uncovered intrinsic characteristics of genes and the year of the initial report of

homologous genes not only correlate with research funding, but that they would do so to a

larger extent than presently existent knowledge about the role of genes in disease.

Along the same lines, if exclusively considering genes with a reported role in disease, we

found that the same models that had predicted the year of the initial publication of genes (Fig

2E) also predicted the likelihood of the existence of both approved and preclinical drugs (Fig

3C, S9F Fig).

Collectively, these findings show that a small number of characteristics of genes and the

availability of model organisms exert a strong influence on basic and applied research on

human disease and that the resulting research can significantly deviate from the actual biologi-

cal importance of individual genes.

Feasibility of alternative discovery strategies

The strong correlations uncovered, and earlier work on the availability of reagents [5, 6, 21]

suggest, that researchers may face very practical constraints that prevent them from exploring

Fig 3. Many potentially important genes are not being studied enough. (A) Relative enrichment of the presence of genes with genetic loss-of-function (LoF)

intolerance, presence of genes with GWAS traits, and the attention within publications. (B) Predicted versus actual NIH budget spending on individual genes

(dots). The black line shows a lowess fit and the dashed lines show the two distinct regimes of the prediction (S1 Data). (C) Fraction of disease-linked genes

with at least one experimental drug conditioned on the predicted order of discovery according to the model shown in Fig 2B. Error bars show 95% confidence

intervals for the estimations. GWAS, genome-wide association study; LoF, loss-of-function; NIH, National Institutes of Health; USD, US dollar.

https://doi.org/10.1371/journal.pbio.2006643.g003
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little-studied genes and that there might be a need for alternative discovery strategies [33]. In

support of this possibility and extending beyond the above findings on the bulk of accrued

knowledge, we observe that the fraction of genes that have been described in focused single-

gene studies has only been increasing at a constant rate (Fig 4A). Extrapolating from this

trend, we estimate that it would take at least five decades until all genes are sufficiently studied.

Similarly, simply studying little-studied genes might not be very informative and could expose

junior scientists at an increased career risk (S10A Fig). Along the same lines, grant categories

of the NIH dedicated to exploratory research, which do not require preliminary data, and

grants categories dedicated to innovative research or the training of scientists all closely re-

produce the imbalance observed for the biomedical literature, with 5% of the human protein-

coding genes accounting for half of the publications (S10B and S10C Fig). Given a recent bib-

liometric study, which demonstrated that novelty could, however, be beneficial for the impact

of a scientific publication if combined with an established research context [34], we therefore

thought to build a resource that provides a context for the exploration of little-studied genes.

Inspecting the properties of existing publications on little-studied genes, we found that

these genes tend to occur in large-scale investigations that include most genes (S11A and S11B

Fig). Hinting at an ability of large-scale studies to support research on less investigated genes,

we observed that these studies serve as a frequent reference for other publications (Fig 4B,

S11C Fig) and that single-gene studies that refer to them tend to focus on genes that are less

studied than those genes contained in single-gene studies that refer to single-gene studies

(S11D Fig).

To determine the extent to which large-scale collections of biological information could

already serve as potential starting points for detailed characterizations on most genes, we next

extended our resource with databases—such as a collection of public RNA interference

(RNAi) experiments [35], a catalog of human protein complexes [36], and a catalog of public

differential gene expression experiments [37]—that could potentially be affected by biased

experimental choices. We find that the 27% of genes that have never been studied by a full pub-

lication (S12A Fig) are less frequently identified in publicly available data of large-scale experi-

ments and that they are less likely to have characteristics associated with a high number of

publications (Fig 4C, S12B Fig).

However, we also find that there already exist gene-specific data on possible experimentation

for 83% of them and that for 25% of them, there exist at least three qualitatively distinct types of

data (S12C Fig). This strongly suggests that the characteristics of genes and homologous genes

that prevented their early discovery would no longer prevent their more detailed study.

To facilitate exploration and hypothesis generation, we provide a curated guide that specifi-

cally directs to the appropriate sources of gene-specific preliminary data (S7 Table).

Our analysis further shows that distinct large-scale approaches cover distinct areas of the

15-dimensional space, with genes identified in high-throughput interaction studies being

strongly enriched in regions containing abundantly expressed genes [23], and genes identified

through differential expression studies being enriched in regions containing genes whose tran-

scripts are ubiquitously detected in adult tissues through current technology. In contrast,

genes identified through their phenotypes within loss-of-function RNAi screens cover the

15-dimensional space more evenly (Fig 4D). Similarly, genes with a highly reproduced associa-

tion to genetic traits cover multiple areas of the 15-dimensional space, some predicting a large

number of publications and others predicting a small number of publications (Fig 4E, S4 Fig).

For illustration, consider the RNA of the heavily studied gene, TERT, the catalytic subunit of

telomerase, which is undetectable in most adult tissues. While our analysis shows that this bio-

logical characteristic is generally associated with a low number of publications, the absence of

TERT restricts excess cell proliferation [38]—a factor that overcomes the difficulty in its study
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Fig 4. Identifying and exploring ignored genes. (A) Estimation of the years until all genes are studied if scientific enterprise continues to follow trends

reported above. Number of genes with at least n focused (single-gene) publications per year. Dashed lines show extrapolation of the bounds of linear regression
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following its ectopic activation. Another interesting illustration is provided by the poorly stud-

ied breast cancer gene CCDC170, which encodes for one of the most charged and acidic

human proteins but also appears to have some structural role in maintaining the organization

of Golgi-associated microtubules [39]. As a final illustration, consider C1orf106, a gene with

the second-strongest genetic association to ulcerative colitis. Despite being among the top 20%

of genes with the most frequently identified associations in differential gene expression experi-

ments (S7 Table), C1orf106 had never been followed up until recently, when gene-specific

pull-down experiments revealed its role in the regulation of the stability of epithelial adherens

junctions [40]. This demonstrates that functional studies remain a powerful strategy to dis-

cover novel biology that does not reproduce past research biases.

To provide a broader perspective on the strategic options for further exploration, we next

introduced aggregate measures for the presence of genetic support and experimental

approachability and the existence of homologous genes in invertebrate model organisms.

While some of the initially identified clusters (Fig 1B) seem experimentally well accessible in

humans or model organisms, other clusters seem resilient to those approaches (Fig 4E). An

opposite example is a cluster enriching for transcriptional coactivator activity. It contains sev-

eral evolutionarily conserved genes that are highly sensitive towards loss-of-function muta-

tions and experimentally approachable. This cluster contains multiple highly studied

modulators of cellular physiology, such as the genes MTOR, CLTC, TAF1, and CREBBP.

However, this cluster also contains DICER1, which catalyzes the maturation of microRNAs

and is a recent recipient of research attention, and whose discovery was perceived as an enor-

mous surprise following a long-held lack of attention towards non–protein-mediated gene reg-

ulation [41]. Intriguingly, this cluster includes two still mostly uncharacterized members of

large gene families, IPO9 and ANKRD52. This lack of attention illustrates that even genes with

seemingly promising characteristics can remain mostly ignored. To facilitate identification of

such genes, we are also providing a list of these genes (S8 Table) and a map that identifies them

within the vicinity of custom sets of genes (S9 Table). We further add another map that allows

probing custom sets of genes for the above aggregate measures (S10 Table).

Discussion

Because the difficulty of pursuing different research directions varies both within distinct fields

of biological and nonbiological inquiry [16], we suspect that our findings may be generalizable

to other areas of science. For example, mathematics dealt for centuries nearly exclusively with

“smooth” curves; only in the last half century did it address the study of infinitely rough curves

[42].

Our work demonstrates that even highly promising genes that could already be studied by

current technologies remain ignored. This suggests that the ossification of past research topics

[43], which for human genes becomes apparent at the turn of the millennium (S5A and S5B

Fig), reflects upon processes that extend beyond past experimental possibilities. Indeed, a

for recent years. (B) Percentage of highly cited studies (top 5% in number of citations) in the 8 years following their publication. Error bars show 95%

confidence intervals. (C) Percentage of genes with a strong RNAi phenotype, at least one tissue with moderate RNA abundance, presence of a Drosophila
melanogaster homolog, or membership in a complex with highly studied genes. Highly studied genes show higher percentages for all these characteristics, but

many unstudied genes also share those characteristics. (D) Illustration of bias in identification of hits in distinct large-scale experimental approaches. Interaction

studies refer to studies labelled as “High throughput” within BioGRID. Relative hits marks fold enrichment over equal occurrence (S1 Data). (E) Genes grouped

by t-SNE visualization using the 15 features most important to the models used in Fig 1A. Large circles highlight genes with frequently discovered GWAS traits.

Heatmaps show presence of strong genetic evidence (G), experimental potential (E), and homolog in invertebrate model organism (M). Note the lack of a strong

correlation between GEM characteristics and research attention. E, experimental potential; FPKM, fragments per kilobase of transcript per million mapped

reads; G, strong genetic support; GEM, strong genetic support and experimental potential and homolog in invertebrate model organism; GWAS, genome-wide

association study; M, model organism; RNAi, RNA interference; t-SNE, t-distributed stochastic neighbor embedding.

https://doi.org/10.1371/journal.pbio.2006643.g004
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recent seminal bibliometric study on 250 scientific fields, including molecular biology, demon-

strated that scientific fields move from a phase characterized by “the rich get richer” towards a

phase of ossification as the annual number of publications increases [43]. Our study provides

empirical support for the presence of several processes that could possibly contribute to this

ossification, including but not limited to the availability of prior knowledge [7]; biases in

computational annotations; the availability of reagents [6, 21]; the career prospects of junior

researchers; the support by grants [3]; training agendas; the presence of an overwhelming set

of competing future research options [43]; a slow transition of research between large-scale

studies and small-scale studies [44, 45]; a sustained ease to experimentally study certain genes;

a shortage of large-scale studies that attribute function through perturbing genes and monitor-

ing altered physiology rather than through guilt by association [46, 47]; and a decrease in the

workforce that uses model organisms, which accelerated around the year 2000 in favor of an

increased fraction of scientists that exclusively work on human genes (S13 Fig). Similarly, our

work shows that, with some rare exceptions, the human genome project did not suffice to pro-

mote an exploration of novel genes and the biology encoded by them.

Given their presence in the human genome, it is certain that the majority of protein-coding

genes have biological relevance [48]. For some genes the relevance might be apparent, such as

for the δ- and β-globins [49, 50], which mark among the first human genomic clones and

encode for the hemoglobin subunits. For other genes, most of their physiological relevance

might only unfold after their basic characterization outside of medical contexts, such as for the

heat shock-inducible gene HSP70, which marks an important subsequent human genomic

cloning endeavor [51] and participates in a network of genes that control protein homeostasis

—a process whose failure characterizes aging in humans and model organisms, and a basis for

diseases of protein conformation [52]. Furthermore, many current insights on biology relate

to monogenic experimentation schemes, whereas biological processes appear polygenic, which

could plausibly further contribute to the continued inability to explain many of the biological

processes known to occur [53]. Indeed, our work supports the hypotheses that an insufficient

understanding of the biology of many disease genes has prevented the successful development

of therapies [7, 54, 55] and that preclinical research is biased towards experimentally well-

accessible genes [28]. To visualize potentially implicit biases underlying distinct research proj-

ects and findings, we provide a copy of the 15-dimensional feature space, whose regions corre-

spond to distinct biases (S4 Fig, S3 Table).

In order to accelerate the pace of discovery, we propose the need for funding mechanisms

of scientists and calls for proposals that encourage the pursuit of nonredundant and likely

highly unpredictable research directions. In order to counter the career forces currently push-

ing towards conformity, there would be a need for stable, long-term support for such innova-

tors to focus on the unknown. Just as the Royal Society sponsored target studies of the

unknown with an eye towards the economic potential of certain discoveries, we also predict

that exploring the uncharted territories of unknown biology by investigating unstudied and

understudied genes will yield satisfying observations that would contribute economically and

medically. We believe that the resource presented here provides a jumping point for further

systems-level investigation on the formation of scientific knowledge [56] and a guide to

researchers who want to identify promising but little-studied genes.

Materials and methods

Data sources

Linkage of genes to publications was obtained from NCBI NIH (https://ftp.ncbi.nlm.nih.gov/

gene/DATA/gene2pubmed.gz) in early 2017. Patent data were obtained from Rosenfeld and
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Mason [57]. Gene Ontologies, mapped to Entrez Gene IDs, were obtained from NCBI in early

2017 (https://ftp.ncbi.nlm.nih.gov/gene/DATA/gene2go.gz). Funding information was

obtained from NIH ExPORTER (https://exporter.nih.gov/) in early 2017. Names of genes and

chromosomes were obtained from NCBI NIH in early 2017 (https://ftp.ncbi.nlm.nih.gov/

gene/DATA/gene_info.gz). Article types and publication titles were obtained from MEDLINE

(https://www.nlm.nih.gov/databases/download/pubmed_medline.html) through a local copy

of their database in early 2017. Disambiguated authorship information was obtained from

Clarivate Analytics.

SwissProt and TrEMBL protein sequences, and mapping tables to Entrez GeneIDs, were

obtained from Uniprot in early 2017 (ftp://ftp.uniprot.org/pub/databases/uniprot/current_

release/knowledgebase/complete/uniprot_sprot.fasta.gz, ftp://ftp.uniprot.org/pub/databases/

uniprot/current_release/knowledgebase/complete/uniprot_trembl.fasta.gz, ftp://ftp.uniprot.

org/pub/databases/uniprot/current_release/knowledgebase/idmapping/idmapping_selected.

tab.gz). Linkage tables between Entrez Gene IDs and Ensembl Gene IDs were obtained from

NCBI NIH in early 2017 (https://ftp.ncbi.nlm.nih.gov/gene/DATA/gene2ensembl.gz). Genes,

coding sequences from genomic RNA, and validated RNA sequences were obtained from Gen-

bank (Genome version GRCh38.p10) (ftp://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/

405/GCF_000001405.36_GRCh38.p10) using a manually reviewed definition of reference

chromosomes according to https://ncbi.nlm.nih.gov/genome. Allele frequencies in human

populations were obtained from the ExAc database [58]. Compartment information and pro-

tein abundance were obtained from Itzhak and colleagues [59]. Loss-of-function information

in human cell lines was obtained from Blomen and colleagues [60], Hart and colleagues [61],

and Wang and colleagues [62]. Thermal stability on proteins was obtained from Leuenberger

and colleagues [63]. Transcript abundance in cells and tissues was obtained from the human

protein atlas [64]. Transcript stability was obtained from Tani and colleagues [65].

GWAS were obtained from the NHGRI-EBI Catalog v1.0 [37].

A local copy of the Web of Science Database was obtained from Clarivate Analytics (and

formerly Thomson Reuters). Homologene Version 68 was obtained from NCBI NIH (https://

ftp.ncbi.nlm.nih.gov/pub/HomoloGene). Associations between genes and diseases were

obtained from Genecard’s GeneALaCart service (https://genealacart.genecards.org) in early

2017 through successive batch queries with all official human (HUGO) gene symbols. The Bio-

GRID database [66] was obtained from BioGRID (Version BIOGRID-3.4.147).

Drugs and their targets were obtained from DrugBank (Version 5.0.7).

Bioplex 2.0 complexes were obtained from Huttlin and colleagues [36]. GenomeRNAi v17

was obtained from www.genomernai.org. EBI Gene Expression Atlas (GXA) was downloaded

in spring 2017 from www.ebi.ac.uk/gxa.

Data engineering

For genes, we determined the fraction corresponding to every nucleobase, and the combined

ratio of cytosine and guanine, and counted the number of all nucleobases. For protein-coding

sequences, we additionally determined the fraction corresponding to individual codons and

measured the codon bias according to multiple methods [67–70].

For transcripts, we obtained FPKM values from Uhlen and colleagues [64] and additionally

determined the fraction of samples with an expression below 1 FPKM analogously as a surro-

gate for detectable expression [64].

For SwissProt and TrEMBL proteins, we determined the fraction of the primary sequence

covered by individual amino acids. Moreover, we used BioPython [71] to determine the frac-

tion of acidic, aromatic, basic, charged, helix affine, hydrophobic, polar, uncharged polar,
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sheet affine, and turn affine amino acids. We further used BioPython to estimate protein

GRAVY, the protein’s isoelectric point, and molecular weight. Additionally, we counted the

total amount of amino acids and thus the length of the protein. We used the Python version of

RADAR [72] with its default settings to measure the total number of repeats, and the total

RADAR score, and the length of the highest scoring repeat. We used SEG [73] (from NCBI’s

ftp.ncbi.nlm.nih/pub/) with its default settings to measure the total amount of amino acids, the

fraction of the protein residing in low complexity regions, the length of the longest low com-

plexity region, and the fraction of the protein covered by the longest low complexity region,

and counted the total number of low complexity regions and the number of low complexity

regions longer than 5, 10, 20, and 40 amino acids. We used SignalP [74] with its default settings

to determine the presence of a predicted cleavage site, the maximal cleavage score, the presence

of at least four transmembrane residues, and the nucleotide position of the mature protein.

Data imputation

In the absence of measurements on transcript expression and stability, we used −1 to indicate

the presence of a low expression.

In the absence of a SwissProt protein entry for a gene, TrEMBL protein entries were used

for a given gene. In the absence of measurements on protein localization and stability and pro-

tein abundance, we used −1 to indicate the presence of a low expression.

Mapping of genes and gene products

Information of genes and gene products was mapped to Entrez GeneIDs. Only unambiguous

mappings were considered. In the case of multiple entries mapping to a single Entrez GeneID

(e.g., multiple transcripts encoded by the same gene), we used the median of the features.

Reference research publications

Unless specified otherwise (for reviews), we considered publications that were

(a) assigned by MEDLINE to correspond to a “case report,” “classical article,” “clinical

trial,” “clinical trial phase I,” “clinical trial phase II,” “clinical trial phase III,” “clinical trial

phase IV,” “comparative study,” “historical article,” “journal article,” “meta analysis,” “multi-

center study,” “randomized controlled trial,” “twin study,” or “validation study”;

(b) were further not assigned by MEDLINE to also be a “review”; and

(c) were further not occurring in a journal in which 50% or more of all articles were

assigned by MEDLINE to be a “review.”

Reference genes

We considered protein-coding genes ofHomo sapiens (NCBI taxonomy ID: 9606) that would

also contain an official HUGO symbol and be featured in at least one reference research

publication.

Clustering of features used in prediction

Features were z-scored across the genes and clustered using Ward’s method.

Predictions of the number of publications

We predicted the log10-transformed number of publications and z-scored the features across

genes. We used 90% of the genes as training data and predicted the remaining 10%. We per-

formed at least 400 randomizations using randomly chosen subsets without replacement. This
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corresponds to a number of iterations in which, within initial test runs, we would not observe

changes in the pooled readout within the number of digits provided in this publication. We

used Scikit-learn’s [25] (version 0.19) Gradient Boosting Regressor with 300 estimators and a

Huber loss function. The results of individual randomizations for individual genes were

pooled by taking the median.

Grouping of genes by features

We considered the 15 features with the highest median importance to the gradient boosting

regression models. We considered all reference genes for which these 15 features were defined

and z-scored every feature separately across these genes. Grouping onto two dimensions was

done by Scikit-learn’s implementation of the t-distributed stochastic neighbor embedding

[75].

Gene ontologies

We considered entries to be negating if the qualifier started with NOT, or if the evidence code

was “ND.” For temporarily valid, computationally predicted entries, we considered the “IEA”

and “RCA” evidence codes. We excluded unmapped entries with the evidence code “–” or

“NR.”

Enrichment analysis of grouped genes

Highlighted groups were chosen manually to reflect areas with higher local concentration.

Terms considered for enrichment were non-negating, non-temporary Gene Ontology annota-

tions with mapped evidence. We used an EASE score [76], an observation-corrected variant of

Fisher’s exact test, and determined the false discovery rate through Scikit-learn’s implementa-

tion of Benjamini and Hochberg’s procedure using an alpha of 0.05 [25].

Analysis of recent trends

To account for an uneven total number of pairs between genes and publications, when defin-

ing the enrichment within recent years, we normalized either time interval to have the same

number of pairs between genes and publications.

We performed a manual literature review on genes with the highest log2 fold change in the

number of publications, upon filtering for the presence of at least 10 publications in the inter-

val between 2011 and 2015. We performed a manual literature review and citation analysis to

identify findings that changed research on those genes in the subsequent years. Genes

highlighted in the main figure were chosen manually to cover a broad range of different num-

bers of publications, while a complete list is given in S4 Table.

Predictions of the year of the initial publication

The prediction of the year itself was done as described above for the prediction of the number

of publications. When adding discoveries of homologous genes, we considered the years of the

first description of homologous genes and the years of the first single-gene publications of

homologous genes of model organisms listed in Homologene, and indicated absent values

(indicative of the absence of either a homologous gene or publications) by assigning the

value −1.
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Estimation of confidence intervals in display items

Confidence intervals of 95% reflect bootstrapped estimates as computed by Python’s seaborn

package [25] (versions 0.7 and 0.8).

Citations towards model organisms

We defined publications with a discovery of a new human gene as those publications that

would report on a gene within the year in which the first report on the same gene would

appear. We counted the number of cited publications that would have at least one human

gene, and the number of cited publications that would have at least one nonhuman gene.

Fractional counting of publications (attention)

For analyses showing the fraction of literature, we performed a fractional counting of publica-

tions. Rather than counting every publication as 1 towards every gene, the value of a publica-

tion towards a given gene would be 1/(number of genes considered in the publication).

Analysis of human-specific genes

We considered genes that would not map to a Homologene group with at least one nonhuman

gene. The analysis only included genes with a human Entrez Gene ID that would be smaller or

equal to the highest human Entrez Gene ID within the Homologene Database and thus could

have been considered for Homologene.

Analysis of attention enrichment

We performed a fractional counting of publications. Enrichment was calculated as the log2

fold change over the (fractional count of publications in indicated time frame) / [(total number

of publications in indicated time frame) / (number of reference genes)].

Analysis of GWAS

We considered EBI’s mapping of associations and only considered associations lying within

the sequence of one, but not multiple, genes. We counted the occurrence of at least one associ-

ation per publication between a gene and a trait. For strong association, we only considered

traits covered in at least 10 distinct studies and genes that would be associated with more than

20% of the studies for such a trait.

Analysis of strong loss-of-function intolerance

We considered genes with a pLI over 0.9—a threshold that the authors [58] describe as

“extreme loss-of-function” intolerance on their accompanying web portal.

Estimation of funding per gene

We considered NIH funding information between 1985, the year in which data of grants would

be provided at the resolution of principal investigators, and 2015. We performed inflation cor-

rection using the average United States consumer price index. We equally distributed the total

money allocated to a given NIH project ID to all publications supported by this project, and

subsequently within the individual genes in this project. We used disease associations from

Malacards for Unified Diseases, Orphanet, Human phenotypes, and OMIM as disease linkage

features and constructed additional features that would count for the total number of entries

within each of the four data sets. Because of computational constraints, we subsequently
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removed disease linkage features with fewer than 10 genes. Notably, prediction accuracy did

not improve if keeping all linkages of Unified Diseases (Spearman 0.73 for addition on top of

other features—analogously to S9D Fig; Spearman 0.42 for exclusive usage—analogously to S9E

Fig) or OMIM (Spearman 0.71 for addition on top of other features—analogously to S9D Fig;

Spearman 0.16 for exclusive usage—analogously to S9E Fig).

Analysis of transitioning to a future principal investigator status

As the rank of the popularity, we used the fractional count of publications up until the indi-

cated year. We only considered publications of authors that have not yet transitioned to a prin-

cipal investigator status. As principal investigator status, we consider authors that have at least

two last author publications with at least one fellow coauthor.

Mapping of Web of Science to MEDLINE

We matched publications contained in MEDLINE to records from Web of Science in a two-

step process:

(a) if available, we used the digital object identifier (DOI), allowing for an unambiguous

identification of publication entries;

(b) otherwise, given the MEDLINE record, we retrieve all publications from Web of Science

with the same list of authors’ last names, and that were published in the same year and journal.

We then identify the best-matching record by calculating the Levenshtein distance (imple-

mented in seatgeek’s FuzzyWuzzy Python package: https://github.com/seatgeek/fuzzywuzzy)

between titles of the MEDLINE and the Web of Science record, respectively. We only consid-

ered publications that would map unambiguously and had a mapping score of at least 95 (max-

imum score 100).

In total, for 97% of all publications in MEDLINE containing a reference to a gene, we were

able to identify the corresponding record in Web of Science.

Analysis of fraction of highly cited publications

Following Uzzi and colleagues [34], we counted citations over the 8 years following the year

of the publication. Publications with more than two authors and publications with consor-

tium as the sole affiliation were considered to be team publications. For the analysis of Bio-

GRID, we considered BioGRID entries that had been associated with at least one gene in

MEDLINE and counted the unique genes of a publication—after pooling the indicated gene

A and gene B entries of an interaction—which would usually be indicative of bait and hit,

respectively.

Analysis of experimentation

Western blots following affinity purification were obtained from BioGRID. For differential

gene expression analysis, we used EBI GXA and considered genes to be differentially expressed

if their (nonadjusted) p-value would be below 0.0001. For RNAi, we only considered pheno-

types that were not measured through distinct shRNA abundance and only considered genes

occurring in at least 20 studies (which could possibly have monitored distinct phenotypes).

We considered a gene to have a strong RNAi if more than 30% of the studies containing the

gene would report a phenotype for this gene. This was motivated by the (not shown) observa-

tion that genes fall into a bimodal distribution according to the fraction of studies reporting a

phenotype, separated at the chosen threshold of 30%.
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Code availability

Code for the curation of data sets and for analysis is available at github.com/tstoeger/plos_

biology_2018_ignored_genes.

Supporting information

S1 Fig. Extreme inequality in the research attention given to human protein-coding genes.

(A) Frequency of the number of research publications associated with human protein-coding

genes in MEDLINE. Black line shows a log-normal fit to the data (S1 Data). (B) Human-

curated GO annotations for individual genes, binned by number of publications. Upper limit

of nonoverlapping bins is indicated. Error bars show 95% confidence intervals over bootstraps

(S1 Data). (C) As B, but for temporary computationally predicted GO annotations, which are

not yet reviewed by a human curator as of spring of 2017 (S1 Data). (D) As B, but for gene

names (S1 Data). (E) As B, but for gene symbols. (F) Presence of patent claims: fraction of

genes with at least one patent, binned as in B (S1 Data). GO, Gene Ontology.

(TIF)

S2 Fig. Catalog of absence of features. (A) Hamming-clustering of genes according to

absence of features (S1 Data). (B) Number of research publications for genes with and without

complete catalog of features.

(TIF)

S3 Fig. Physical, chemical, and biological features of genes predict the number of publica-

tions. (A) Ward-clustering of feature importance of 500 gradient boosting regression models.

Numbers in brackets indicate order of features in heatmaps in Fig 1B. (B) Prediction of the

number of publications for the 12,948 genes with a complete catalog of features using the 15

features highlighted in A (S1 Data). (C) As B, but for all 15,056 genes for which the 15 features

had been reported. FPKM, fragments per kilobase of transcript per million mapped reads;

GRAVY, grand average of hydropathy.

(TIF)

S4 Fig. Physical, chemical, and biological features mapped to individual genes. z-score of

individual features for genes in the tSNE mapping of Fig 1. Numbers in brackets indicate

order of features in heatmaps in Fig 1 (S1 Data). tSNE, t-distributed stochastic neighbor

embedding.

(TIF)

S5 Fig. Predictability of research effort. (A) Cumulative share of publications in MEDLINE

covered by the fraction of most common genes in decreasing order (S1 Data). (B) Gini coeffi-

cient (a measure of inequality) for genes in publications over time. When looking at income or

wealth, Gini coefficients of 0.6 are considered extreme (S1 Data). (C) Correlation between the

year of the initial publication on a gene and the amount of publications between 2006 and

2015 (S1 Data). (D) Cumulative share of research published in MEDLINE in the year 2015 on

genes ranked according to year of initial publications (S1 Data). (E) Comparison of median

feature importance for predictions of the number of publications and predictions of the year

of the discovery (S1 Data). (F) Comparison of the number of publications for the first and sec-

ond member of a gene family for genes for which the name of the family is part of the official

gene name (e.g., AKT1 and AKT2) (S1 Data).

(TIF)

S6 Fig. Publications reporting the discovery of new genes preferentially cite model organ-

ism. (A) As Fig 2D, but for individual years during the 1980s and 1990s, the decades in which
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most human genes were discovered. Also see S5D Fig (S1 Data). (B) Fraction of nonhuman

organisms cited by initial publications of human genes. Enrichment represents log2 ratio of

the fraction of nonhuman organisms among all initial publications on human genes over the

fraction of nonhuman organisms among initial publications on human genes, which also cite

publications on human genes. The 10 most cited organisms are shown (S1 Data).

(TIF)

S7 Fig. Study of homologous genes predicts study of human genes. (A) Prediction of the

number of research publications using the model of Fig 1A, extended to include the year of the

initial publications on homologous nonhuman genes (S1 Data). (B) Number of publications

for individual genes conditioned on the existence of homologous genes in nonhuman model

organisms (human-exclusive). p-value: Mann–Whitney U test (S1 Data).

(TIF)

S8 Fig. Attention in publications closely tracks number of publications. Fractional count-

ing, in which the occurrence of a gene in a publication counts as 1/(number of genes in publi-

cation), versus normal counting, in which the occurrence of a gene in a publication counts as

1, of publications with multiple genes (S1 Data).

(TIF)

S9 Fig. Health research funding correlates with the number of publications. (A) The number

of grants for genes as a function of the number of publications on a gene. (B) Correlation between

the attention of NIH-sponsored research publications and the amount of allocated NIH budget

on individual genes (dots). The latter is approximated by equal allocation of project resources to

publications and subsequently the genes contained within them (S1 Data). (C) The number of

grants for genes with indicated levels of total funding. X-axis shows upper limits of nonoverlap-

ping bins. (D) Prediction of NIH budget spending on individual genes (dots) upon adding associ-

ations between genes and diseases to features considered in Fig 3B. Black line shows lowess fit and

dashed lines two distinct regimes of the prediction (S1 Data). (E) Prediction of NIH budget

spending on individual genes (dots) when considering only associations between genes and dis-

eases. Black line shows lowess fit and dashed lines two distinct regimes of the prediction (S1

Data). (F) As Fig 3C, but for approved drugs. NIH, National Institutes of Health.

(TIF)

S10 Fig. Career rewards disfavor novelty. (A) Career prospects of junior scientists correlate

with the preceding attention directed towards genes: probability to transition to principal

investigator (PI) status for authors of publications, according to the median attention of the

genes in these publications. If, in the preceding years, this attention fell into the quintile of all

genes that had received the least attention, the authors have a lower empirically observed

chance to have become a PI. This reduction is largely diminished when comparing authors of

publications for which the median attention fell into the central quintile of all genes (corre-

sponding to the genes with the 40%–60% most attention) to those authors of publications for

which the median attention fell into the quintile of the genes with the most attention (S1

Data). (B) Share of MEDLINE published within indicated year that covers the 5% most-stud-

ied genes until the indicated year. For R01, Impact and innovation, Exploratory, and Training

grant categories, the share of MEDLINE with support of at least one grant of the respective cat-

egory is compared against the 5% of genes most studied, irrespective of their grant support.

(C) Illustration of the 1,000 genes occurring in the most publications supported by exploratory

grants of the NIH in the year 2015. NIH, National Institutes of Health; PI, principal investiga-

tor; R01, Research Project Grant.

(TIF)
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S11 Fig. Large-scale studies are a reference for many other publications. (A) Kernel-density

estimation of the fraction of genes with a given number of publications versus the median

number of genes co-occurring in the respective publications. The observed pattern is consis-

tent with the notions of “small science” and “big science” (S1 Data). (B) Median percentile of

attention for publications as a function of the number of genes associated with the publication

(same bins as in Fig 4B). (C) Percentage of highly cited publications (top 5%, shown with

dashed line) as a function of the number of genes associated with a publication in BioGRID

(rather than by MEDLINE). Error bars show 95% confidence interval. (D) Median percentile

of the attention given a single-gene publication as a function of the number of genes associated

with the publications it cites.

(TIF)

S12 Fig. What we know about poorly studied genes. (A) Distribution of the attention (mea-

sured by fractional publications) in publications given to genes. Genes with attention levels

below 1 are denoted unstudied (blue), whereas genes with attention levels above 1 are denoted

studied (orange). (B) Percentage of genes with indicated characteristic. (C) As B, but grouped

for the presence of at least one of the characteristics of B. Same order as B.

(TIF)

S13 Fig. Decrease in the fraction of scientists working on model organisms. Fraction of sci-

entists who—within the indicated year—publish exclusively on nonhuman genes (or gene

products) or exclusively on human genes (or gene products), or both. The fraction of scientists

who exclusively published on human genes had been stable in the 1980s and 1990s, while the

fraction of scientists working on human and nonhuman genes has been steadily decreasing at

the expense of scientists publishing exclusively on nonhuman genes. Around the year 2000,

the fraction of scientists working on human and nonhuman genes started to plateau, while the

fraction of scientist working exclusively on human genes increased by approximately 10 per-

cent points and has since been steadily increasing (S1 Data).

(TIF)

S1 Data. Sharable data. Data used for the creation of figures and supplemental figures that

can be shared without violating restrictions of external public and commercial data sources.

For a complete record of all data sets used in the present meta-study, see Materials and meth-

ods.

(XLSX)

S2 Data. Mapping of PubMed IDs to Web of Science IDs. Mapping of PubMed IDs to Web

of Science IDs for publications linked to genes.

(XLSX)

S1 Table. List of genes with an incomplete catalog of features. NCBI gene identifiers (Entrez

genes), NCBI gene symbols, and Ensemble Gene IDs are provided. NCBI, National Center for

Biotechnology Information.

(XLSX)

S2 Table. List of features. z-scored values of 433 features (columns) over all 12,948 genes

(rows), with a complete catalog of features.

(XLSX)

S3 Table. Map of the 15-dimensional space. Coordinates of genes in Fig 1B. In addition, the

inferred number of publications, NCBI gene symbols, and Ensemble Gene IDs are provided.
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NCBI, National Center for Biotechnology Information.

(XLSX)

S4 Table. Literature survey of genes with increased attention between 2011 and 2015.

Enrichment in publications per gene between 2011 and 2015 over the time until 2010. The

count of publications until 2010 has been normalized such that the total number of publica-

tions matches the time between 2011 and 2015.

(XLSX)

S5 Table. Comparison of feature importance for prediction of the year of initial publica-

tion and the total number of publications. Median importance of features over 500 indepen-

dent randomizations of the models for predicting the number of publications and the year of

their discovery.

(XLSX)

S6 Table. Fraction of unstudied homologs. Number and fraction of unstudied homologs of

unstudied human genes for different taxa. Unstudied genes were defined as in S12 Fig and

marking genes that have not been covered by the research effort corresponding to a single sin-

gle-gene study.

(XLSX)

S7 Table. Gene-specific context for further exploration of genes. Gene-specific information

to facilitate further experimentation. Tissue and cell line with highest RNA expression (“highest

tissue,” “highest cells”); flag indicating whether frequently differentially expressed in EBI-GXA

(https://www.ebi.ac.uk/gxa); flag indicating whether frequently reported as a hit in RNAi exper-

iments (http://www.genomernai.org); flag indicating whether used for affinity western blots,

indicative of functional antibodies (https://thebiogrid.org); invertebrate and vertebrate model

with highest number of publications; phenotype frequently reported in GWAS annotation as in

Figs 3A and 4E; least- and most-studied genes in same Bioplex 2.0 complex (http://bioplex.hms.

harvard.edu); biophysical features for which the gene falls into the top percentile; presence of a

protein domain of unknown function; and protein localization as reported by Itzhak and col-

leagues, 2016, eLife (CC BY). EBI, European Bioinformatics Institute; GWAS; genome-wide

association study; GXA, Gene Expression Atlas; RNAi, RNA interference.

(XLSX)

S8 Table. Accessible important genes that are studied less than expected. Genes with char-

acteristics that have occurred in fewer publications than predicted by models of Fig 1A and

carry the three favorable strategic properties described in Fig 4E (strong loss-of-function sensi-

tivity and GWAS associations, experimental approachability, and the presence of invertebrate

model organisms for genes in 15-dimensional feature space). GWAS, genome-wide associa-

tion study.

(XLSX)

S9 Table. Nearby accessible important genes that are studied less than expected. Closest

gene of S8 Table for every other gene in the 15-dimensional feature space in Fig 1B.

(XLSX)

S10 Table. Accessible important genes. List of genes that have strong loss-of-function sensi-

tivity and GWAS associations, experimental approachability, and the presence of invertebrate

model organisms for genes in 15-dimensional feature space. GWAS, genome-wide association

study.

(XLSX)

Why potentially important genes are ignored

PLOS Biology | https://doi.org/10.1371/journal.pbio.2006643 September 18, 2018 20 / 25

http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s019
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s020
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s021
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s022
https://www.ebi.ac.uk/gxa
http://www.genomernai.org/
https://thebiogrid.org/
http://bioplex.hms.harvard.edu/
http://bioplex.hms.harvard.edu/
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s023
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s024
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.2006643.s025
https://doi.org/10.1371/journal.pbio.2006643


Acknowledgments

We acknowledge the members of the Amaral and Morimoto labs, UChicago’s Knowledge Lab

—especially J.A. Evans and V. Danchev—and E.M. McNally and I. Ruvinsky for feedback. We

thank J. Moreira, H. Tejedoro, and NUIT for computational assistance. We thank S. Liu for

sharing code prior to publication. T.S. acknowledges the support of Northwestern’s Data Sci-

ence Initiative and the use of Northwestern’s Genomics Computational Nodes.

Author Contributions

Conceptualization: Thomas Stoeger, Luı́s A. Nunes Amaral.

Data curation: Thomas Stoeger, Martin Gerlach.

Funding acquisition: Richard I. Morimoto, Luı́s A. Nunes Amaral.

Investigation: Thomas Stoeger, Martin Gerlach, Richard I. Morimoto, Luı́s A. Nunes Amaral.

Methodology: Thomas Stoeger.

Project administration: Thomas Stoeger, Luı́s A. Nunes Amaral.

Software: Thomas Stoeger, Martin Gerlach.

Supervision: Richard I. Morimoto, Luı́s A. Nunes Amaral.

Visualization: Thomas Stoeger.

Writing – original draft: Thomas Stoeger, Luı́s A. Nunes Amaral.

Writing – review & editing: Thomas Stoeger, Martin Gerlach, Richard I. Morimoto, Luı́s A.

Nunes Amaral.

References
1. Hoffmann R, Valencia A. Life cycles of successful genes. Trends Genet. 2003; 19(2):79–81. Epub

2003/01/28. PMID: 12547515.

2. Pfeiffer T, Hoffmann R. Temporal patterns of genes in scientific publications. Proc Natl Acad Sci U S A.

2007; 104(29):12052–6. https://doi.org/10.1073/pnas.0701315104 PMID: 17620606; PubMed Central

PMCID: PMCPMC1924584.

3. Su AI, Hogenesch JB. Power-law-like distributions in biomedical publications and research funding.

Genome Biol. 2007; 8(4):404. Epub 2007/05/03. https://doi.org/10.1186/gb-2007-8-4-404 PMID:

17472739; PubMed Central PMCID: PMCPMC1895997.

4. Gans Joshua MF, Stern Scott. Patents, Papers, Pairs & Secrets: Contracting over the disclosure of sci-

entific knowledge. Statement is only present in self-hosted early draft: http://fmurray.scripts.mit.edu/

docs/Gans.Murray.Stern%20_KnowledgeDisclosure_DRAFT_09.30.2008.pdf. 2008 [cited 2018 Aug

22].

5. Grueneberg DA, Degott S, Pearlberg J, Li W, Davies JE, Baldwin A, et al. Kinase requirements in

human cells: I. Comparing kinase requirements across various cell types. P Natl Acad Sci USA. 2008;

105(43):16472–7. https://doi.org/10.1073/pnas.0808019105 PubMed PMID: WOS:000260913500015.

PMID: 18948591

6. Edwards AM, Isserlin R, Bader GD, Frye SV, Willson TM, Yu FH. Too many roads not taken. Nature.

2011; 470(7333):163–5. Epub 2011/02/11. https://doi.org/10.1038/470163a PMID: 21307913.

7. Haynes WA, Tomczak A, Khatri P. Gene annotation bias impedes biomedical research. Sci Rep. 2018;

8(1):1362. Epub 2018/01/24. https://doi.org/10.1038/s41598-018-19333-x PMID: 29358745.

8. Oprea TI, Bologa CG, Brunak S, Campbell A, Gan GN, Gaulton A, et al. Unexplored therapeutic oppor-

tunities in the human genome. Nat Rev Drug Discov. 2018; 17(5):377. Epub 2018/03/24. https://doi.org/

10.1038/nrd.2018.52 PMID: 29567993.

9. Merton RK. The Matthew Effect in Science: The reward and communication systems of science are

considered. Science. 1968; 159(3810):56–63.

10. Ben-David J, Sullivan TA. Sociology of science. Annual Review of Sociology. 1975; 1:203–22.

Why potentially important genes are ignored

PLOS Biology | https://doi.org/10.1371/journal.pbio.2006643 September 18, 2018 21 / 25

http://www.ncbi.nlm.nih.gov/pubmed/12547515
https://doi.org/10.1073/pnas.0701315104
http://www.ncbi.nlm.nih.gov/pubmed/17620606
https://doi.org/10.1186/gb-2007-8-4-404
http://www.ncbi.nlm.nih.gov/pubmed/17472739
http://fmurray.scripts.mit.edu/docs/Gans.Murray.Stern%20_KnowledgeDisclosure_DRAFT_09.30.2008.pdf
http://fmurray.scripts.mit.edu/docs/Gans.Murray.Stern%20_KnowledgeDisclosure_DRAFT_09.30.2008.pdf
https://doi.org/10.1073/pnas.0808019105
http://www.ncbi.nlm.nih.gov/pubmed/18948591
https://doi.org/10.1038/470163a
http://www.ncbi.nlm.nih.gov/pubmed/21307913
https://doi.org/10.1038/s41598-018-19333-x
http://www.ncbi.nlm.nih.gov/pubmed/29358745
https://doi.org/10.1038/nrd.2018.52
https://doi.org/10.1038/nrd.2018.52
http://www.ncbi.nlm.nih.gov/pubmed/29567993
https://doi.org/10.1371/journal.pbio.2006643


11. Reskin BF. Scientific productivity and the reward structure of science. American Sociological Review.

1977; 42(3):491–504.

12. Stephan PE. How economics shapes science. Cambridge, Mass.: Harvard University Press; 2012.

xiv, 367 p. p.

13. Weinberg AM. Criteria for Scientific Choice II: The two cultures. Minerva. 1964; III(1):3–14.

14. England R. Are we spending too much on HIV? BMJ. 2007; 334(7589):344. https://doi.org/10.1136/

bmj.39113.402361.94 PMID: 17303881; PubMed Central PMCID: PMCPMC1801004.

15. Gillum LA, Gouveia C, Dorsey ER, Pletcher M, Mathers CD, McCulloch CE, et al. NIH disease funding

levels and burden of disease. PLoS ONE. 2011; 6(2):e16837. https://doi.org/10.1371/journal.pone.

0016837 PMID: 21383981; PubMed Central PMCID: PMC3044706.

16. Arbesman S, Christakis NA. Eurekometrics: Analyzing the nature of discovery. PLoS Comput Biol.

2011; 7(6):e1002072. https://doi.org/10.1371/journal.pcbi.1002072 PMID: 21738456; PubMed Central

PMCID: PMC3127820.

17. Ban TA. The role of serendipity in drug discovery. Dialogues Clin Neurosci. 2006; 8(3):335–44. Epub

2006/11/23. PMID: 17117615; PubMed Central PMCID: PMCPMC3181823.

18. Nowotny H. The cunning of uncertainty. Cambridge; Malden, MA: Polity; 2016. xvi, 198 pages p.

19. Kohler RE. Lords of the fly: Drosophila genetics and the experimental life. Chicago: University of Chi-

cago Press; 1994. xv, 321 p. p.

20. Fields S. The interplay of biology and technology. Proc Natl Acad Sci U S A. 2001; 98(18):10051–4.

Epub 2001/08/23. https://doi.org/10.1073/pnas.191380098 PMID: 11517346; PubMed Central PMCID:

PMCPMC56913.

21. Fedorov O, Müller S, Knapp S. The (un)targeted cancer kinome. Nat Chem Biol. 2010; 6(3):166–9.

Epub 2010/02/16. https://doi.org/10.1038/nchembio.297 PMID: 20154661.

22. He X, Zhang J. On the growth of scientific knowledge: yeast biology as a case study. PLoS Comput

Biol. 2009; 5(3):e1000320. https://doi.org/10.1371/journal.pcbi.1000320 PMID: 19300476; PubMed

Central PMCID: PMC2649443.

23. Rolland T, Tasan M, Charloteaux B, Pevzner SJ, Zhong Q, Sahni N, et al. A proteome-scale map of the

human interactome network. Cell. 2014; 159(5):1212–26. https://doi.org/10.1016/j.cell.2014.10.050

PMID: 25416956; PubMed Central PMCID: PMCPMC4266588.

24. Rodriguez-Esteban R, Jiang X. Differential gene expression in disease: a comparison between high-

throughput studies and the literature. BMC Med Genomics. 2017; 10(1):59. Epub 2017/10/13. https://

doi.org/10.1186/s12920-017-0293-y PMID: 29020950; PubMed Central PMCID: PMCPMC5637346.

25. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: Machine

Learning in Python. J Mach Learn Res. 2011; 12:2825–30. PubMed PMID: WOS:000298103200003.

26. Anfinsen CB, Edsall JT, Richards FM. Advances in Protein Chemistry: Volume 32. 1978.

27. Engel P, Boumsell L, Balderas R, Bensussan A, Gattei V, Horejsi V, et al. CD Nomenclature 2015:

Human Leukocyte Differentiation Antigen Workshops as a Driving Force in Immunology. J Immunol.

2015; 195(10):4555–63. Epub 2015/11/08. https://doi.org/10.4049/jimmunol.1502033 PMID:

26546687.

28. Kaelin WG Jr., Common pitfalls in preclinical cancer target validation. Nat Rev Cancer. 2017; 17

(7):425–40. Epub 2017/05/20. https://doi.org/10.1038/nrc.2017.32 PMID: 28524181.

29. Perc M. The Matthew effect in empirical data. J R Soc Interface. 2014; 11(98):20140378. Epub 2014/

07/06. https://doi.org/10.1098/rsif.2014.0378 PMID: 24990288; PubMed Central PMCID:

PMCPMC4233686.

30. Pandey AK, Lu L, Wang X, Homayouni R, Williams RW. Functionally enigmatic genes: a case study of

the brain ignorome. PLoS ONE. 2014; 9(2):e88889. https://doi.org/10.1371/journal.pone.0088889

PMID: 24523945; PubMed Central PMCID: PMC3921226.

31. Creager ANH, Lunbeck E, Wise MN. Science without Laws: Model Systems, Cases, Exemplary Narra-

tives. Duke University Press Books. 2007.

32. Hunter P. The paradox of model organisms. The use of model organisms in research will continue

despite their shortcomings. EMBO Rep. 2008; 9(8):717–20. Epub 2008/08/02. https://doi.org/10.1038/

embor.2008.142 PMID: 18670440; PubMed Central PMCID: PMCPMC2515201.

33. Rzhetsky A, Foster JG, Foster IT, Evans JA. Choosing experiments to accelerate collective discovery.

Proc Natl Acad Sci U S A. 2015; 112(47):14569–74. https://doi.org/10.1073/pnas.1509757112 PMID:

26554009; PubMed Central PMCID: PMCPMC4664375.

34. Uzzi B, Mukherjee S, Stringer M, Jones B. Atypical combinations and scientific impact. Science. 2013;

342(6157):468–72. Epub 2013/10/26. https://doi.org/10.1126/science.1240474 PMID: 24159044.

Why potentially important genes are ignored

PLOS Biology | https://doi.org/10.1371/journal.pbio.2006643 September 18, 2018 22 / 25

https://doi.org/10.1136/bmj.39113.402361.94
https://doi.org/10.1136/bmj.39113.402361.94
http://www.ncbi.nlm.nih.gov/pubmed/17303881
https://doi.org/10.1371/journal.pone.0016837
https://doi.org/10.1371/journal.pone.0016837
http://www.ncbi.nlm.nih.gov/pubmed/21383981
https://doi.org/10.1371/journal.pcbi.1002072
http://www.ncbi.nlm.nih.gov/pubmed/21738456
http://www.ncbi.nlm.nih.gov/pubmed/17117615
https://doi.org/10.1073/pnas.191380098
http://www.ncbi.nlm.nih.gov/pubmed/11517346
https://doi.org/10.1038/nchembio.297
http://www.ncbi.nlm.nih.gov/pubmed/20154661
https://doi.org/10.1371/journal.pcbi.1000320
http://www.ncbi.nlm.nih.gov/pubmed/19300476
https://doi.org/10.1016/j.cell.2014.10.050
http://www.ncbi.nlm.nih.gov/pubmed/25416956
https://doi.org/10.1186/s12920-017-0293-y
https://doi.org/10.1186/s12920-017-0293-y
http://www.ncbi.nlm.nih.gov/pubmed/29020950
https://doi.org/10.4049/jimmunol.1502033
http://www.ncbi.nlm.nih.gov/pubmed/26546687
https://doi.org/10.1038/nrc.2017.32
http://www.ncbi.nlm.nih.gov/pubmed/28524181
https://doi.org/10.1098/rsif.2014.0378
http://www.ncbi.nlm.nih.gov/pubmed/24990288
https://doi.org/10.1371/journal.pone.0088889
http://www.ncbi.nlm.nih.gov/pubmed/24523945
https://doi.org/10.1038/embor.2008.142
https://doi.org/10.1038/embor.2008.142
http://www.ncbi.nlm.nih.gov/pubmed/18670440
https://doi.org/10.1073/pnas.1509757112
http://www.ncbi.nlm.nih.gov/pubmed/26554009
https://doi.org/10.1126/science.1240474
http://www.ncbi.nlm.nih.gov/pubmed/24159044
https://doi.org/10.1371/journal.pbio.2006643


35. Schmidt EE, Pelz O, Buhlmann S, Kerr G, Horn T, Boutros M. GenomeRNAi: a database for cell-based

and in vivo RNAi phenotypes, 2013 update. Nucleic Acids Res. 2013; 41(Database issue):D1021–6.

Epub 2012/11/30. https://doi.org/10.1093/nar/gks1170 PMID: 23193271; PubMed Central PMCID:

PMCPMC3531141.

36. Huttlin EL, Bruckner RJ, Paulo JA, Cannon JR, Ting L, Baltier K, et al. Architecture of the human inter-

actome defines protein communities and disease networks. Nature. 2017; 545(7655):505–9. Epub

2017/05/18. https://doi.org/10.1038/nature22366 PMID: 28514442; PubMed Central PMCID:

PMCPMC5531611.

37. Kapushesky M, Emam I, Holloway E, Kurnosov P, Zorin A, Malone J, et al. Gene expression atlas at the

European bioinformatics institute. Nucleic Acids Res. 2010; 38(Database issue):D690–8. Epub 2009/

11/13. https://doi.org/10.1093/nar/gkp936 PMID: 19906730; PubMed Central PMCID:

PMCPMC2808905.

38. PMID: 10647931 Hanahan D, Weinberg RA. The hallmarks of cancer. Cell. 2000; 100(1):57–70. Epub

2000/01/27. PMID: 10647931.

39. Jiang P, Li Y, Poleshko A, Medvedeva V, Baulina N, Zhang Y, et al. The Protein Encoded by the

CCDC170 Breast Cancer Gene Functions to Organize the Golgi-Microtubule Network. EBioMedicine.

2017; 22:28–43. Epub 2017/07/09. https://doi.org/10.1016/j.ebiom.2017.06.024 PMID: 28687497;

PubMed Central PMCID: PMCPMC5552109.

40. Mohanan V, Nakata T, Desch AN, Levesque C, Boroughs A, Guzman G, et al. C1orf106 is a colitis risk

gene that regulates stability of epithelial adherens junctions. Science. 2018. Epub 2018/02/09. https://

doi.org/10.1126/science.aan0814 PMID: 29420262.

41. Almeida MI, Reis RM, Calin GA. MicroRNA history: discovery, recent applications, and next frontiers.

Mutat Res. 2011; 717(1–2):1–8. Epub 2011/04/05. https://doi.org/10.1016/j.mrfmmm.2011.03.009

PMID: 21458467.

42. Mandelbrot BB. The fractal geometry of nature. San Francisco: W.H. Freeman; 1982. 460 p., 1 leaf of

plates p.

43. Chu JSG, Evans JA. Too Many Papers? Slowed Canonical Progress in Large Fields of Science. SocAr-

xiv. 2018.

44. Riba M, Garcia Manteiga JM, Bosnjak B, Cittaro D, Mikolka P, Le C, et al. Revealing the acute asthma

ignorome: characterization and validation of uninvestigated gene networks. Sci Rep. 2016; 6:24647.

Epub 2016/04/22. https://doi.org/10.1038/srep24647 PMID: 27097888; PubMed Central PMCID:

PMCPMC4838989.

45. Struck TJ, Mannakee BK, Gutenkunst R. The impact of genome-wide association studies on biomedical

research publications. biorxiv (preprint). 2018. https://doi.org/10.1101/106773

46. Gillis J, Pavlidis P. "Guilt by association" is the exception rather than the rule in gene networks. PLoS

Comput Biol. 2012; 8(3):e1002444. https://doi.org/10.1371/journal.pcbi.1002444 PMID: 22479173;

PubMed Central PMCID: PMC3315453.

47. Aviram N, Ast T, Costa EA, Arakel EC, Chuartzman SG, Jan CH, et al. The SND proteins constitute an

alternative targeting route to the endoplasmic reticulum. Nature. 2016; 540(7631):134–8. Epub 2016/

12/03. https://doi.org/10.1038/nature20169 PMID: 27905431; PubMed Central PMCID:

PMCPMC5513701.

48. Kellis M, Wold B, Snyder MP, Bernstein BE, Kundaje A, Marinov GK, et al. Defining functional DNA ele-

ments in the human genome. Proc Natl Acad Sci U S A. 2014; 111(17):6131–8. Epub 2014/04/23.

https://doi.org/10.1073/pnas.1318948111 PMID: 24753594; PubMed Central PMCID:

PMCPMC4035993.

49. Wilson JT, Wilson LB, deRiel JK, Villa-komaroff L, Efstratiadis A, Forget BG, et al. Insertion of synthetic

copies of human globin genes into bacterial plasmids. Nucleic Acids Res. 1978; 5(2):563–81. Epub

1978/02/01. PMID: 345245; PubMed Central PMCID: PMCPMC342002.

50. Lawn RM, Fritsch EF, Parker RC, Blake G, Maniatis T. The isolation and characterization of linked

delta- and beta-globin genes from a cloned library of human DNA. Cell. 1978; 15(4):1157–74. Epub

1978/12/01. PMID: 728996.

51. Wu B, Hunt C, Morimoto R. Structure and expression of the human gene encoding major heat shock

protein HSP70. Mol Cell Biol. 1985; 5(2):330–41. Epub 1985/02/01. PMID: 2858050; PubMed Central

PMCID: PMCPMC366716.

52. Labbadia J, Morimoto RI. The biology of proteostasis in aging and disease. Annu Rev Biochem. 2015;

84:435–64. Epub 2015/03/19. https://doi.org/10.1146/annurev-biochem-060614-033955 PMID:

25784053; PubMed Central PMCID: PMCPMC4539002.

53. Zuk O, Hechter E, Sunyaev SR, Lander ES. The mystery of missing heritability: Genetic interactions

create phantom heritability. Proc Natl Acad Sci U S A. 2012; 109(4):1193–8. Epub 2012/01/10. https://

doi.org/10.1073/pnas.1119675109 PMID: 22223662; PubMed Central PMCID: PMCPMC3268279.

Why potentially important genes are ignored

PLOS Biology | https://doi.org/10.1371/journal.pbio.2006643 September 18, 2018 23 / 25

https://doi.org/10.1093/nar/gks1170
http://www.ncbi.nlm.nih.gov/pubmed/23193271
https://doi.org/10.1038/nature22366
http://www.ncbi.nlm.nih.gov/pubmed/28514442
https://doi.org/10.1093/nar/gkp936
http://www.ncbi.nlm.nih.gov/pubmed/19906730
http://www.ncbi.nlm.nih.gov/pubmed/10647931
http://www.ncbi.nlm.nih.gov/pubmed/10647931
https://doi.org/10.1016/j.ebiom.2017.06.024
http://www.ncbi.nlm.nih.gov/pubmed/28687497
https://doi.org/10.1126/science.aan0814
https://doi.org/10.1126/science.aan0814
http://www.ncbi.nlm.nih.gov/pubmed/29420262
https://doi.org/10.1016/j.mrfmmm.2011.03.009
http://www.ncbi.nlm.nih.gov/pubmed/21458467
https://doi.org/10.1038/srep24647
http://www.ncbi.nlm.nih.gov/pubmed/27097888
https://doi.org/10.1101/106773
https://doi.org/10.1371/journal.pcbi.1002444
http://www.ncbi.nlm.nih.gov/pubmed/22479173
https://doi.org/10.1038/nature20169
http://www.ncbi.nlm.nih.gov/pubmed/27905431
https://doi.org/10.1073/pnas.1318948111
http://www.ncbi.nlm.nih.gov/pubmed/24753594
http://www.ncbi.nlm.nih.gov/pubmed/345245
http://www.ncbi.nlm.nih.gov/pubmed/728996
http://www.ncbi.nlm.nih.gov/pubmed/2858050
https://doi.org/10.1146/annurev-biochem-060614-033955
http://www.ncbi.nlm.nih.gov/pubmed/25784053
https://doi.org/10.1073/pnas.1119675109
https://doi.org/10.1073/pnas.1119675109
http://www.ncbi.nlm.nih.gov/pubmed/22223662
https://doi.org/10.1371/journal.pbio.2006643


54. Kubinyi H. Drug research: myths, hype and reality. Nat Rev Drug Discov. 2003; 2(8):665–8. Epub 2003/

08/09. https://doi.org/10.1038/nrd1156 PMID: 12904816.

55. Nelson MR, Tipney H, Painter JL, Shen J, Nicoletti P, Shen Y, et al. The support of human genetic evi-

dence for approved drug indications. Nat Genet. 2015; 47(8):856–60. Epub 2015/06/30. https://doi.org/

10.1038/ng.3314 PMID: 26121088.

56. Ioannidis JPA. Meta-research: Why research on research matters. PLoS Biol. 2018; 16(3):

e2005468. https://doi.org/10.1371/journal.pbio.2005468 PMID: 29534060; PubMed Central

PMCID: PMCPMC5865753.

57. Rosenfeld J, Mason C. Response to ’pervasive sequence patents cover the entire human genome’—

authors’ reply. Genome Med. 2014; 6(2):15. Epub 2014/04/26. https://doi.org/10.1186/gm532 PMID:

24764495; PubMed Central PMCID: PMCPMC3978880.

58. Lek M, Karczewski KJ, Minikel EV, Samocha KE, Banks E, Fennell T, et al. Analysis of protein-coding

genetic variation in 60,706 humans. Nature. 2016; 536(7616):285–91. Epub 2016/08/19. https://doi.org/

10.1038/nature19057 PMID: 27535533; PubMed Central PMCID: PMCPMC5018207.

59. Itzhak DN, Tyanova S, Cox J, Borner GH. Global, quantitative and dynamic mapping of protein subcel-

lular localization. Elife. 2016; 5. Epub 2016/06/10. https://doi.org/10.7554/eLife.16950 PMID:

27278775; PubMed Central PMCID: PMCPMC4959882.

60. Blomen VA, Majek P, Jae LT, Bigenzahn JW, Nieuwenhuis J, Staring J, et al. Gene essentiality and syn-

thetic lethality in haploid human cells. Science. 2015; 350(6264):1092–6. Epub 2015/10/17. https://doi.

org/10.1126/science.aac7557 PMID: 26472760.

61. Hart T, Chandrashekhar M, Aregger M, Steinhart Z, Brown KR, MacLeod G, et al. High-resolution

CRISPR screens reveal fitness genes and genotype-specific cancer liabilities. Cell. 2015; 163(6):1515–

26. Epub 2015/12/03. https://doi.org/10.1016/j.cell.2015.11.015 PMID: 26627737.

62. Wang T, Birsoy K, Hughes NW, Krupczak KM, Post Y, Wei JJ, et al. Identification and characterization

of essential genes in the human genome. Science. 2015; 350(6264):1096–101. Epub 2015/10/17.

https://doi.org/10.1126/science.aac7041 PMID: 26472758; PubMed Central PMCID:

PMCPMC4662922.

63. Leuenberger P, Ganscha S, Kahraman A, Cappelletti V, Boersema PJ, von Mering C, et al. Cell-wide

analysis of protein thermal unfolding reveals determinants of thermostability. Science. 2017; 355(6327).

Epub 2017/02/25. https://doi.org/10.1126/science.aai7825 PMID: 28232526.

64. Uhlen M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A, et al. Proteomics. Tissue-

based map of the human proteome. Science. 2015; 347(6220):1260419. Epub 2015/01/24. https://doi.

org/10.1126/science.1260419 PMID: 25613900.

65. Tani H, Mizutani R, Salam KA, Tano K, Ijiri K, Wakamatsu A, et al. Genome-wide determination of RNA

stability reveals hundreds of short-lived noncoding transcripts in mammals. Genome Res. 2012; 22

(5):947–56. Epub 2012/03/01. https://doi.org/10.1101/gr.130559.111 PMID: 22369889; PubMed Cen-

tral PMCID: PMCPMC3337439.

66. Chatr-Aryamontri A, Oughtred R, Boucher L, Rust J, Chang C, Kolas NK, et al. The BioGRID interaction

database: 2017 update. Nucleic Acids Res. 2017; 45(D1):D369–D79. Epub 2016/12/17. https://doi.org/

10.1093/nar/gkw1102 PMID: 27980099; PubMed Central PMCID: PMCPMC5210573.

67. Wright F. The ’effective number of codons’ used in a gene. Gene. 1990; 87(1):23–9. Epub 1990/03/01.

PMID: 2110097.

68. Novembre JA. Accounting for background nucleotide composition when measuring codon usage bias.

Mol Biol Evol. 2002; 19(8):1390–4. Epub 2002/07/26. https://doi.org/10.1093/oxfordjournals.molbev.

a004201 PMID: 12140252.

69. Sun X, Yang Q, Xia X. An improved implementation of effective number of codons. Mol Biol Evol. 2013;

30(1):191–6. Epub 2012/08/24. https://doi.org/10.1093/molbev/mss201 PMID: 22915832.

70. Liu SS, Hockenberry AJ, Lancichinetti A, Jewett MC, Amaral LAN. NullSeq: A tool for generating ran-

dom coding sequences with desired amino acid and GC contents. PLoS Comput Biol. 2016; 12(11):

e1005184. https://doi.org/10.1371/journal.pcbi.1005184 PMID: 27835644; PubMed Central PMCID:

PMC5106001.

71. Cock PJA, Antao T, Chang JT, Chapman BA, Cox CJ, Dalke A, et al. Biopython: freely available Python

tools for computational molecular biology and bioinformatics. Bioinformatics. 2009; 25(11):1422–3.

Epub 2009/03/24. https://doi.org/10.1093/bioinformatics/btp163 PMID: 19304878; PubMed Central

PMCID: PMCPMC2682512.

72. Heger A, Holm L. Rapid automatic detection and alignment of repeats in protein sequences. Proteins.

2000; 41(2):224–37. Epub 2000/08/31. PMID: 10966575.

73. Wootton JC. Nonglobular Domains in Protein Sequences—Automated Segmentation Using Complex-

ity-Measures. Comput Chem. 1994; 18(3):269–85. https://doi.org/10.1016/0097-8485(94)85023-2

PubMed PMID: WOS:A1994PJ45800011. PMID: 7952898

Why potentially important genes are ignored

PLOS Biology | https://doi.org/10.1371/journal.pbio.2006643 September 18, 2018 24 / 25

https://doi.org/10.1038/nrd1156
http://www.ncbi.nlm.nih.gov/pubmed/12904816
https://doi.org/10.1038/ng.3314
https://doi.org/10.1038/ng.3314
http://www.ncbi.nlm.nih.gov/pubmed/26121088
https://doi.org/10.1371/journal.pbio.2005468
http://www.ncbi.nlm.nih.gov/pubmed/29534060
https://doi.org/10.1186/gm532
http://www.ncbi.nlm.nih.gov/pubmed/24764495
https://doi.org/10.1038/nature19057
https://doi.org/10.1038/nature19057
http://www.ncbi.nlm.nih.gov/pubmed/27535533
https://doi.org/10.7554/eLife.16950
http://www.ncbi.nlm.nih.gov/pubmed/27278775
https://doi.org/10.1126/science.aac7557
https://doi.org/10.1126/science.aac7557
http://www.ncbi.nlm.nih.gov/pubmed/26472760
https://doi.org/10.1016/j.cell.2015.11.015
http://www.ncbi.nlm.nih.gov/pubmed/26627737
https://doi.org/10.1126/science.aac7041
http://www.ncbi.nlm.nih.gov/pubmed/26472758
https://doi.org/10.1126/science.aai7825
http://www.ncbi.nlm.nih.gov/pubmed/28232526
https://doi.org/10.1126/science.1260419
https://doi.org/10.1126/science.1260419
http://www.ncbi.nlm.nih.gov/pubmed/25613900
https://doi.org/10.1101/gr.130559.111
http://www.ncbi.nlm.nih.gov/pubmed/22369889
https://doi.org/10.1093/nar/gkw1102
https://doi.org/10.1093/nar/gkw1102
http://www.ncbi.nlm.nih.gov/pubmed/27980099
http://www.ncbi.nlm.nih.gov/pubmed/2110097
https://doi.org/10.1093/oxfordjournals.molbev.a004201
https://doi.org/10.1093/oxfordjournals.molbev.a004201
http://www.ncbi.nlm.nih.gov/pubmed/12140252
https://doi.org/10.1093/molbev/mss201
http://www.ncbi.nlm.nih.gov/pubmed/22915832
https://doi.org/10.1371/journal.pcbi.1005184
http://www.ncbi.nlm.nih.gov/pubmed/27835644
https://doi.org/10.1093/bioinformatics/btp163
http://www.ncbi.nlm.nih.gov/pubmed/19304878
http://www.ncbi.nlm.nih.gov/pubmed/10966575
https://doi.org/10.1016/0097-8485(94)85023-2
http://www.ncbi.nlm.nih.gov/pubmed/7952898
https://doi.org/10.1371/journal.pbio.2006643


74. Petersen TN, Brunak S, von Heijne G, Nielsen H. SignalP 4.0: Discriminating signal peptides from

transmembrane regions. Nat Methods. 2011; 8(10):785–6. Epub 2011/10/01. https://doi.org/10.1038/

nmeth.1701 PMID: 21959131.

75. van der Maaten L, Hinton G. Visualizing data using t-SNE. J Mach Learn Res. 2008; 9:2579–605.

76. Huang DW, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using

DAVID bioinformatics resources. Nat Protoc. 2009; 4(1):44–57. Epub 2009/01/10. https://doi.org/10.

1038/nprot.2008.211 PMID: 19131956.

Why potentially important genes are ignored

PLOS Biology | https://doi.org/10.1371/journal.pbio.2006643 September 18, 2018 25 / 25

https://doi.org/10.1038/nmeth.1701
https://doi.org/10.1038/nmeth.1701
http://www.ncbi.nlm.nih.gov/pubmed/21959131
https://doi.org/10.1038/nprot.2008.211
https://doi.org/10.1038/nprot.2008.211
http://www.ncbi.nlm.nih.gov/pubmed/19131956
https://doi.org/10.1371/journal.pbio.2006643

