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Abstract
Uncertainty is fundamental to copolymer chemistry and arises from different sources such as the stochastic nature
of polymerization. Capturing it requires more than storing a value, which is what ontologies and knowledge
graphs are promising to offer over plain databases. The knowledge-representation literature treats uncertainty
representation as an open problem, but no one has evaluated it for copolymer chemistry specifically. Therefore,
we evaluate whether and how existing copolymer chemistry knowledge artifacts (knowledge graphs, ontologies,
and databases) represent it. We search four bibliographic databases, four ontology portals, and five GenAI tools
to identify every knowledge artifact that models the copolymer chemistry domain. The same screening also
separates out the publications on uncertainty in chemistry, from which we build a domain-specific uncertainty
vocabulary by extracting keywords algorithmically. We then search all identified artifacts for this vocabulary and
classify each genuine hit: whether the artifact only mentions the uncertainty, records it as a value, or models it as
a concept of its own. Of the 14 artifacts, only five record uncertainty as a value and none model it as a concept of
its own; the rest merely mention it or ignore it. And what they record is mostly prediction uncertainty or the
statistical properties of measured values, not the experimental uncertainty itself. The plain databases engage
with uncertainty more often than the ontologies and knowledge graphs do, and the only semantic handling we
found is inherited from upper ontologies rather than native to the domain.
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1. Introduction

Materials science adopts semantic technologies on a promise: that an ontology or knowledge graph
represents more than a table can, capturing not only values but what those values mean. The domain is
well supplied with such artifacts; surveys of the materials-science ontology landscape already count
dozens [1, 2].

Uncertainty tests that promise, and copolymer chemistry provides a good testing ground. Copolymers
are versatile and central to materials and plastics research, and they resist representation: unlike small
molecules they have no single structure, but distributions of molecular weight, composition, and
architecture [3]. Uncertainty is therefore intrinsic to the domain rather than incidental to it, and it is
exactly what a single value cannot represent. A reactivity ratio is not a single number, but is determined
with an explicit error and reported as a confidence region [4, 5]. That region is part of the result. It
tells a practitioner, for example, whether two measurements agree, and it matters as much to whoever
reuses the data as to the chemist who produced it.

The knowledge-representation literature treats uncertainty as an open problem in general [6, 7], but
no one has asked it for copolymer chemistry. Therefore, we investigate three research questions:

1. Which knowledge artifacts (ontologies, knowledge graphs, databases, data schemas) model the
copolymer chemistry domain?

2. Which domain vocabulary describes uncertainty in (copolymer) chemistry?
3. Do the artifacts from RQ1 model the uncertainty expressed by the vocabulary from RQ2?
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The paper contributes an inventory of the knowledge artifacts that model this domain, a reproducible
procedure for building a domain uncertainty vocabulary and searching artifacts against it, and an
assessment of where, and at what level, each artifact engages with the uncertainty of its domain.

The remainder of this paper is structured as follows: Section 2 covers related work, Section 3 the
methodology, Section 4 the results, and Section 5 the discussion; Sections 6 and 7 state the limitations
and conclude with future work.

2. Related Work

Our work is related to three lines of research: 1. copolymer chemistry data and the role of uncertainty, 2.
uncertainty in knowledge artifacts, and 3. the analysis and surveying of ontologies. To our knowledge,
no previous work examined whether the knowledge artifacts of copolymer chemistry represent the
uncertainty of the domain. This work is the continuation of a doctoral proposal [8].

2.1. Copolymer chemistry data and the role of uncertainty

A recurring obstacle in polymer informatics is that polymers have no single structure: they are stochas-
tic molecules, which the deterministic line notations developed for small molecules cannot capture.
BigSMILES addresses this with a structurally-based line notation for macromolecules [3], and Poly-
DAT builds on it as a generic data schema for storing and sharing polymer characterization data [9].
Reviewing these efforts, Kumar warns that unless scientific journals enforce such schemas, the wide
dissemination of polymer characterization data on which data mining depends will not succeed [10].
For copolymers (polymers consisting of more than one monomer) the gap is wider still: OpenPoly,
a curated database built for benchmarking property prediction, includes only homopolymers with
well-defined repeat units, excluding copolymers for their “structural ambiguity and lack of standardized
representations” [11]. Structural ambiguity is not the only uncertainty in play. The measurements
themselves carry it too, and in copolymer chemistry it is both real and quantified: van Herk and Liu
show how knowledge of measurement errors affects the determination of reactivity ratios [4], and
Reischke determines confidence contours for reactivity ratios through a Bayesian approach [5].

2.2. Uncertainty representation in knowledge artifacts

Uncertainty representation is an active concern in the knowledge-graph and ontology literature, but it
is treated in general terms rather than for a particular experimental domain. Uncertainty management
in knowledge-graph construction is the subject of a recent survey [6], a comprehensive review catalogs
how those domain ontologies that model uncertainty go about it [7], and Anand and Kumar analyze
the kinds of uncertainty that arise in ontology-based knowledge representation [12]. None of these
consider copolymer chemistry as an application domain.

2.3. Analyzing and surveying ontologies

Our method compares a domain vocabulary against knowledge artifacts, which places it closest to
corpus-based ontology evaluation. Rospocher et al. extract key-concepts from a domain corpus and
score how well an ontology’s terminology covers them [13]. We compare a corpus-derived vocabulary
against an artifact as well, but our aim differs: instead of scoring an ontology’s overall terminological
coverage, we look for a single theme, uncertainty, across heterogeneous artifacts in the source files and
publications that describe them, and we classify how each one represents it. Keyword-based access
to ontologies has been studied from the opposite direction, using keywords as a query interface to an
ontology [14].

A separate line of work surveys the ontology landscape our artifacts belong to, though without
asking about uncertainty. Norouzi et al. catalog 94 knowledge artifacts in materials science [1]; De Baas
et al. review 43 materials science domain-level ontologies and propose a methodology for aligning them
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Figure 1: Overview of the methodology followed in this paper. The search across multiple portals feeds both
tracks: screening splits its results into papers that discuss uncertainty in chemistry, from which we build the
vocabulary, and papers that describe a candidate artifact. The tracks rejoin when we search the artifacts for that
vocabulary.

to top-level ontologies, demonstrated on a proof of concept [2]; Beygi Nasrabadi et al. evaluate which
upper ontologies best support materials science ontology development, using a Brinell-hardness case
study [15]; Strömert et al. survey the landscape of chemistry ontologies with a view to FAIR data [16].
To the best of our knowledge, there is no survey of the knowledge artifacts of copolymer chemistry in
particular.

3. Methodology

Figure 1 shows our workflow. A broad search across the bibliographic and ontology landscape of the
domain provides the basis for everything that follows. Screening splits three ways: results that describe
a candidate artifact, results that discuss uncertainty in chemistry, and results that do neither. The first
track answers RQ1 (lower arrow), the second builds the vocabulary for RQ2 (upper arrow), and the two
rejoin when we search the artifacts for that vocabulary to answer RQ3.

3.1. Finding the artifacts

To find the artifacts that model copolymer chemistry (RQ1), we use three different sources. We
searched four bibliographic databases (Scopus, IEEE Xplore, the ACM Digital Library, and SciFinder)
with a platform-dependent search string (given in full in the appendix folder of the accompanying
repository [17]), choosing the first three for their broad academic coverage and SciFinder for its
chemistry focus. We searched the ontology portals BioPortal, MatPortal, OBO Foundry, and HIVE4MAT
for the term “copolymer”. And we prompted five GenAI tools (Claude1, ChatGPT2, Elicit3, Asta4 and
Consensus5) with two prompts, given in the same folder, extracted the citations they returned, and
verified each one against Google Scholar, keeping only sources that exist. By putting the results of
those three together and removing duplicates we arrived at the corpus we screened.

We screened all titles and abstracts against inclusion and exclusion criteria with ASReview LAB [18].
This tool provides automatic relevance sorting of the provided publications. We included a publication

1https://claude.ai with Opus 4.8 and effort set to “max”, accessed 2026-06-10
2https://chatgpt.com with GPT 5.4, accessed 2026-06-10
3https://elicit.com/, accessed 2026-06-10
4https://asta.allen.ai/, accessed 2026-06-10
5https://consensus.app/, accessed 2026-06-10
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if it describes, presents, or evaluates an ontology, knowledge graph, database, or data schema that
explicitly represents copolymers or polymers, provided the paper is in English and publicly accessible;
we included an ontology if a paper describes it and its source file is publicly available. We excluded
work on general chemistry with no specific copolymer classes, and paywalled items to which we have
no institutional access. Screening sorted the corpus into either candidate artifacts or uncertainty papers
if it fulfilled the inclusion criteria. We then skimmed each candidate artifact paper and recorded the
artifact it describes, if any. We cast the net deliberately wide, but kept an artifact only when it actually
models copolymers.

From every paper we deemed relevant, we snowballed one level backward and one level forward
(through its references and through the papers citing it) and screened whatever surfaced against the
same criteria. The ontology portal hits refer to the source files rather than publications, so we handled
them alongside this track: we deduplicated them against each other, discarded those whose domain is
neither the synthesis nor modelling of copolymers, and deduplicated the remainder against the artifacts
recovered from the publications. What survived are the knowledge artifacts we analyze in the rest of
the paper.

3.2. Building the uncertainty vocabulary

We are not copolymer chemists, so we derived the uncertainty vocabulary (RQ2) from the literature
rather than from our own expertise. Its corpus is the second track from screening: the papers whose
title and abstract showed them to be about uncertainty and (copolymer) chemistry, whatever source had
surfaced them. Breadth mattered here, because sub-disciplines name the same phenomenon differently
and a narrow corpus would yield a narrow vocabulary; for the same reason we added two polymer-
specific publications. We built the vocabulary from them in three steps: preprocessing to remove noise,
keyword extraction, and clustering to isolate the uncertainty-related terms.

Each paper was parsed from its PDF and preprocessed to remove noise like publisher boilerplates
and references. From the cleaned text, we extracted candidate keywords with YAKE [19]. We also tried
RAKE [20] but discarded it, as it coped poorly with the residual noise.

The source papers span chemistry with a focus on measurement and uncertainty, so the extracted
keywords cover a correspondingly wide range of topics. To isolate the uncertainty-related terms,
we clustered the list with BERTopic [21], using the all-MiniLM-L6-v2 sentence-embedding model, a
minimum cluster size of five6, and a fixed random seed (42) for reproducibility. We exported the clusters
as JSON and inspected them in an HTML viewer, keeping the clusters about uncertainty.

3.3. Searching the artifacts

We then searched the artifacts for this vocabulary. The unit of analysis is the artifact rather than the
individual document: where an artifact has a machine-readable ontology or knowledge-graph file
alongside its publication(s), we searched both and derived a single per-artifact classification from their
combined evidence.

Longer matches take preference7, and every match is stored with the previous and following sentence
as context. A matched sentence is recorded once, together with the keywords it contains, so that a
sentence matching several keywords counts as a single hit. For the ontology files, we process smaller
ones with rdflib8, which preserves the entity each hit belongs to, and larger ones with a text-only
processor that returns the line number of the hit.

6We started with cluster size three but found the keyword clusters too fragmented.
7Take the sentence Uncertainty measures are important. If the keyword list includes uncertainty, uncertainty measure and
uncertainty measures, the longest match would be taken and counted as the keyword hit.

8https://github.com/RDFLib/rdflib

https://github.com/RDFLib/rdflib


Figure 2: Screenshot of the keyword viewer with a keyword hit from the PolyMat [22] paper. On the left side,
the keywords and the number of all matches are displayed. In the middle section, the keyword hit with its
surrounding context is shown, which can then be classified according to relevance and representation level.
These ratings can be exported and re-imported. We classify hits in both the publications and the artifacts and
provide the classifications and the keyword viewers in the repository.

3.4. Classifying the hits

We classified each keyword hit manually, reading the surrounding extracted context in an HTML viewer
(Figure 2):

• Relevance: Is the sentence actually about uncertainty in the process, experiment, data, or repre-
sentation? Hits, that are not, are false positives, and therefore excluded. For example, a sentence
about selection bias in a literature corpus is not relevant for us.

• Representation level: for genuine hits, how does the artifact relate to the uncertainty: does it
merely mention it, record it as an explicit value (such as a standard deviation or confidence
interval), or model it as a concept of its own with dedicated semantics?

The representation level, in particular, is read from the artifact itself rather than from the keyword
match: we established what a hit refers to from the original document, and from further sources where
needed.

4. Results

All code and results are publicly available on Zenodo [17]. A Jupyter notebook documents the full
process.

4.1. Artifact search results

The database and GenAI searches returned 265 of the 292 documents in Table 1. After deduplication
and discarding unverifiable GenAI suggestions, 168 items remained. Screening identified 70 relevant
papers; the review file is available in [17]. We obtained full text for 61 of these, examined each in detail,
and snowballed those we deemed relevant. Snowballing surfaced a further 111 candidate items, which
we screened against the same criteria. Not every included paper yielded an artifact: we kept some in
the expectation that they would point to one.

The remaining 27 documents, from the four ontology portals, are source files rather than publications
and did not enter the review. Deduplicated against each other, they left 21 unique results, listed in
the repository’s appendix folder [17]. We excluded those whose domain was neither the synthesis of
copolymers nor a closely related topic, and deduplicated the remainder against the artifacts already



found; we dropped two otherwise interesting ontologies, BERO and CRISP, because their original
papers could not be retrieved. Following up the remaining hits gained us one document indirectly:
the ChemROF ontology hit led to the second, reengineered ChEBI publication [23], which adopts part
of ChemROF. After deduplicating across all tracks, 14 artifacts remained. These are the artifacts that
model the copolymer chemistry domain (RQ1); they are listed in Table 2.

Table 1
Initial document count of the database and tool search before deduplication

Source Number of documents

ACM digital library 11
Scopus 56
IEEE 0
SciFinder / CAS 65
BioPortal 18
MatPortal 3
OBO Foundry 0
HIVE4MAT 6
GenAI tools (Prompt 1) 72
GenAI tools (Prompt 2) 61

Total 292

Table 2
The 14 artifacts modelling the copolymer chemistry domain and how each relates to uncertainty. Uncertainty
levels: none: no genuine uncertainty content (keyword hits are false positives); mentions: acknowledged in
prose only; records: stored as an explicit value, with exp. as experimental/measured dispersion and pred. as
model-predictive; models: represented as a concept of its own. Each classification reflects the combined evidence
of the artifact’s publication(s) and, where available, its ontology or knowledge-graph file. PoLyInfo and ChEBI
are each described by two publications.

Name Type Source Uncertainty

MDS-Onto ontology [24, 25] records (pred.)
Copolymer Descriptor
(CopDDB)

database [26] none

Block Copolymer Database
(BCDB)

database [27] records (exp.)

PoLyInfo database [28, 29, 30] mentions
PolyMat ontology [22, 31] mentions
Polymer Li+-Electrolyte De-
sign Database

database [32] mentions

NanoMine KG [33, 34] records (exp.)
OPoly26 (Open Polymers
2026)

dataset [35] none

Devices, Experimental Scaf-
folds, and Biomaterials Ontol-
ogy (DEB)

ontology [36, 37] none

Chemical Entities of Biologi-
cal Interest (ChEBI)

ontology [38, 23, 39] none

Polymer Genome prediction platform [40] records (pred.)
CRIPT data structure [41] none
CoPolDB database [42] records (exp.)
Materials Data Vocabulary
(NMRRVOCAB)

vocabulary [43] none



Figure 3: Number of keywords in the leading topic clusters. 20 of 59 are shown here.

4.2. Uncertainty keywords

We applied YAKE [19] to the 30 collected publications and obtained 1064 candidate keywords. Clustering
them with BERTopic yielded 59 topics (see Figure 3 for the first 20 clusters). On inspection, three
(namely, topics 0, 8, and 29) were about uncertainty. We combined their keywords with the relevant
unclustered outliers and, after manually removing noise such as personal names, arrived at a final list of
223 keywords. This list is the domain vocabulary that describes uncertainty in (copolymer) chemistry
(RQ2). The publications used for keyword extraction are provided as a separate bibliography file, and
the final keyword file is available in the accompanying repository [17].

4.3. Keyword hits in the artifact corpus

The 14 artifacts of Table 2 are described across 16 documents (ChEBI and PoLyInfo each by two) which
together form the publication corpus. Only 26 of the 223 keywords appeared at all: 20 in the publications,
spread across 13 of the 16 documents, and six more that surfaced only in the machine-readable artifact
files discussed below. Three documents gave no hit at all: ChEBI’s original description [38], the NIST
materials-data vocabulary [43], and CRIPT [41]. Figure 4 shows the frequency of each matched keyword,
and Table 3 how the matches distribute across the documents. For six of the fourteen artifacts, we were
able to find an ontology or knowledge-graph file (.owl / .ttl); we searched these in addition to their
publications, recording each download URL and date in [17]. The two searches proved complementary
rather than redundant: five of the six files produced at least one keyword hit (NanoMine’s did not), and
six keywords surfaced only in the files (uncertainty quantification, quantification, propagation, internal
standard, measurement information, and measurement data). Conversely, MDS-Onto’s record-level
uncertainty appears only in its ontology file, while its publication yields no genuine hit.

4.4. Levels of uncertainty representation

Most keyword hits fail the relevance test when applying the classification scheme consisting of relevance
and representation level. False positives include bias as selection bias in literature corpora, sampling
as polymer sampling or rms/rmse and variance as model-fit or PCA metrics. After removing these,



Figure 4: Frequency of each matched keyword across the copolymer chemistry artifacts.

genuine uncertainty content remains in eight of the fourteen artifacts, at two levels of representation,
plus one edge case discussed below.

Mentions uncertainty only. Three artifacts acknowledge uncertainty without capturing it. PolyMat
[22] notes that it includes measurements but does not follow up on their uncertainty; the same happens
in its ontology file, in the role polymat:TargetConcentration. This subclass of polymat:Role defines
“A certain, aspired concentration, in contrast to the real, achieved concentration, due to experimental
uncertainties when measuring the volume or weight of a liquid or solid substance” [31]. But there
is no ActualConcentration class to complement it, and no modelling of that commented uncertainty.
PoLyInfo [28, 29] records measurement methods, standards, and conditions, but whether the uncertainty
of that process is itself represented remains unclear. In the Polymer Li+-Electrolyte Design Database
[32], the uncertainty of experimental parameters is discussed only as something to minimize.

Records uncertainty as a value. Five artifacts store an uncertainty quantity explicitly. In NanoMine
[33], this is inherited from the upper ontology SIO [44]: nanomine:Property is a subclass of
sio:quantity, and a property with an uncertainty range carries its own attribute of sio:'standard
deviation'. The Block Copolymer Database [27] allows a standard deviation, standard error, or another
double value for every quantitative column, and provides a further column in which additional uncer-
tainty metrics can be described. CoPolDB records the 95% confidence limits of reactivity ratios, but only
where the polymer handbook it draws on provides them [42]. MDS-Onto [25] provides, in its ontology
file, several confidence interval bounds (e.g. ConfidenceIntervalOfPredictedResponseLowerBound95) for
recording statistics. Polymer Genome [40] surfaces a Bayesian uncertainty, with confidence intervals,
for each property prediction. These last two differ from the first three, however: the values they record
are model-predictive rather than experimental uncertainty.

Edge Case. MDS-Onto [25] reuses the Common Core Ontologies (CCO)9 class “Veracity Measurement
Information Content Entity” as a “correctness-of-information” class, which works as a triad with two
other classes to describe the relationship between description and reality. This points toward modelling

9https://commoncoreontology.github.io/cco-webpage/

https://commoncoreontology.github.io/cco-webpage/


uncertainty. But the modelling comes from CCO rather than MDS-Onto itself, and only one of the three
classes is reused, so we do not count it as modelling.

Models uncertainty as a concept. No artifact models uncertainty as a concept of its own.

Table 3
Keyword hits in artifacts, separated by paper and ontology files.

Keyword Papers Ontologies Sources

quality control 4/16 1/6 Papers: [23], [33], [24], [27] | Ontologies:
ChEBI

deviation 3/16 1/6 Papers: [40], [33], [27] | Ontologies: MDS-
Onto

uncertainty 4/16 0/6 Papers: [40], [33], [27], [32]
interval 1/16 3/6 Papers: [35] | Ontologies: MDS-Onto,

ChEBI, PolyMat
bias 2/16 1/6 Papers: [36], [35] | Ontologies: DEB
measurement process 1/16 2/6 Papers: [28] | Ontologies: MDS-Onto,

PoLyInfo
uncertainties 2/16 1/6 Papers: [40], [32] | Ontologies: PolyMat
absolute error 3/16 0/6 Papers: [40], [35], [32]
reliability 2/16 1/6 Papers: [23], [24] | Ontologies: MDS-Onto
standard deviation 2/16 1/6 Papers: [33], [27] | Ontologies: MDS-Onto
quantification 0/16 3/6 Ontologies: DEB, MDS-Onto, ChEBI
propagation 0/16 3/6 Ontologies: MDS-Onto, ChEBI, PolyMat
variance 2/16 0/6 Papers: [40], [24]
relative error 2/16 0/6 Papers: [40], [35]
sampling 1/16 1/6 Papers: [35] | Ontologies: MDS-Onto
rms 2/16 0/6 Papers: [35], [26]
confidence 1/16 1/6 Papers: [42] | Ontologies: MDS-Onto
internal standard 0/16 2/6 Ontologies: MDS-Onto, ChEBI
measurement information 0/16 2/6 Ontologies: MDS-Onto, PoLyInfo
measurement results 1/16 0/6 Papers: [22]
measurement standards 1/16 0/6 Papers: [29]
measurement pro 1/16 0/6 Papers: [28]
variability 1/16 0/6 Papers: [40]
rmse 1/16 0/6 Papers: [40]
measurement data 0/16 1/6 Ontologies: MDS-Onto
uncertainty quantification 0/16 1/6 Ontologies: MDS-Onto

5. Discussion

Our results answer RQ3 in the negative: no artifact models uncertainty as a concept of its own, and
only five of the fourteen record it even as a value. More telling than the count is which artifacts these
are, and what kind of uncertainty they hold.

Uncertainty is handledmore often by the plain databases than by the semantic artifacts: four of the five
databases engage with it in some form, compared to three of the five ontologies and knowledge graphs.
And where the ontologies and knowledge graphs reach for a semantic construct, they borrow it from an
upper ontology rather than define their own: NanoMine records uncertainty through SIO’s standard-
deviation construct, and MDS-Onto’s single move toward modelling it, a “Veracity Measurement” entity,
is reused from the Common Core Ontologies. No domain artifact models uncertainty as a concept of its
own; the nearest thing is inherited one level up, consistent with how these resources are built, through
reuse.



Polymer Genome stands apart. It is a prediction platform rather than a database, and it records the
uncertainty its own application calls for: the Bayesian uncertainty of a property prediction, not the
experimental uncertainty behind themeasurement. Its developers are explicit about that boundary, citing
the glass transition temperature, often reported as a range that depends on the measurement technique,
and describing a framework to quantify such experimental uncertainties as still under development
[40]. The gap that motivates our work is thus drawn by the developers of a well-established platform
themselves.

For semantic materials science, two directions follow. The databases show that the domain’s uncer-
tainty is recordable, so how they do it is worth learning from; and the only semantic handling we found
already lives in upper ontologies such as SIO and CCO, so wiring domain artifacts to those (which most
do not yet do) is a more direct route than building new machinery. Whether these representations
capture the full range of uncertainty practitioners encounter remains an open question. Our interactions
with practitioners suggest that they do not, and we leave a systematic investigation of this issue to
future work.

6. Limitations

Our assessment rests on two kinds of evidence that are not evenly available across the corpus. For the
six artifacts distributed as an ontology or knowledge-graph file, we searched the artifact itself as well;
for the remaining eight, available only as a publication, we rely on how the authors describe them.
Reading the files directly matters: MDS-Onto’s recorded uncertainty is present only in its ontology
file and absent from its publication, so a publication-only study would have missed it. For the eight
publication-only artifacts, conversely, a developer may have handled uncertainty without describing it,
which only inspecting a machine-readable artifact, or contacting the developers, would reveal.

Our search instrument is lexical, so uncertainty can escape it in two ways. An artifact may encode
uncertainty structurally, without a matching lexical label; for the ontology files, we mitigated this by
inspecting the structure surrounding each hit, but an unlabeled encoding, there or in the artifacts we
could only read about, may have gone unnoticed. Or it may name uncertainty in words our vocabulary
does not contain, which produces no hit at all. Neither failure is recoverable: the relevance check
discards false positives, but it cannot surface a miss.

Finally, a single rater classified every hit. Therefore, we made every judgement open to inspection:
each hit is published with its surrounding context and its assigned level [17], and each representation
level is traceable to a passage in the artifact or the sources describing it, so any judgement can be
re-examined against the evidence behind it.

7. Conclusion and future work

Materials science adopts semantic technologies to represent more than a table can. For the uncertainty
of copolymer chemistry, we are not there yet: none of the fourteen artifacts we examined represent
uncertainty as a concept of its own, and only five record it even as a value, three of those for the
uncertainty of a measurement rather than of a prediction. The plain databases engage with uncertainty
more often than the ontologies and knowledge graphs do, and where a semantic artifact handles it at all,
the construct is inherited from an upper ontology, SIO in NanoMine and the Common Core Ontologies
in MDS-Onto, rather than native to the domain.

What a practitioner treats as uncertainty is not necessarily what these artifacts record, and a vocabu-
lary drawn from the literature rather than from the laboratory cannot settle the difference. Existing
measurement ontologies (e.g. [45, 46]) and the upper ontologies, fromwhich the domain artifacts already
borrow, give us machinery to evaluate and extend. But the starting point needs to be the laboratory:
we plan to observe copolymer chemists at work and to build the representation from what they call
uncertainty.
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