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Abstract. Competitive benchmarking of information extraction methods has considerably advanced the state of the art in this
field. Nevertheless, methodological support for explainable benchmarking, which provides researchers with feedback on the
strengths and weaknesses of their methods and guidance for their development efforts, is very limited. Although aggregated
metrics such as F1 and accuracy support comparison of annotators, they do not help in explaining annotator performance.

This work addresses the need for explainability by presenting Orbis, a powerful and extensible explainable evaluation frame-
work which supports drill-down analysis, multiple annotation tasks and resource versioning. It, therefore, actively aids developers
in better understanding evaluation results and identifying shortcomings in their systems.

Orbis currently supports four information extraction tasks: content extraction, named entity recognition, named entity linking
and slot filling. This article introduces a unified formal framework for evaluating these tasks, presents Orbis’ architecture, and
illustrates how it (i) creates simple, concise visualizations that enable visual benchmarking, (ii) supports different visual classifi-
cation schemas for evaluation results, (iii) aids error analysis, and (iv) enhances interpretability, reproducibility and explainabil-
ity of evaluations by adhering to the FAIR principles, and using lenses which make implicit factors impacting evaluation results
such as tasks, entity classes, annotation rules and the target knowledge graph more explicit.

Keywords: Content Extraction, Named Entity Linking, Named Entity Recognition, Slot Filling, Knowledge Graph, Benchmarking,
Corpus Quality

1. Introduction

Applying complex information extraction (IE) pipelines
to the web is considered challenging since web pages
exhibit a high variability in layout, structure, noise and
information content and, therefore, require content ex-
traction (CE), named entity recognition (NER), named
entity linking (NEL) and slot filling (SF) components
to work in concert, to obtain reasonable performance.

*Corresponding author. E-mail: adrian.brasoveanu@modul.ac.at.

Consequently, benchmarking information extraction
pipelines requires considering these subtasks and their
impact on each other. While literature extensively cov-
ers some of these tasks (e.g., named entity recognition
(NER) and named entity linking (NEL), others such as
content extraction are rarely discussed.

Barbesi & Lejeune [3], for example, benchmarked
the performance of content extraction tools, but we are
not aware of any system that support researchers in
evaluating context extraction tasks from unstructured
web pages or forums.
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NER focuses on the identification of named entities,
whereas NEL links entities to a knowledge graph (KG)
like DBpedia or Wikidata. Identifying entities and re-
lations is a well-studied problem and supported by sev-
eral benchmarking tools. Past competitions have been
instrumental in advancing research in information ex-
traction methods, in particular for NEL where compe-
titions complemented with advanced evaluation toolk-
its such as neleval [13] and GERBIL [30] have trig-
gered significant improvements of NEL systems. Lat-
est reports indicate accuracy values of up to 95% on
some datasets [2], although the differences between re-
sults on various datasets can be as high as 40%.

However, these results disguise the differences that
occur in NEL due to multiple factors such as the dif-
ferent entity (sub)classes, the annotation rules, and
the target knowledge graph. Current systems are fine-
tuned for accuracy in a limited set of NEL tasks which
are often only considered isolated.

Tasks such as SF which mines additional informa-
tion on entities, and Event Argument Linking (EAL)
which is concerned with the detection of events and ar-
guments, currently do not have the same level of tool
support, although some competitions like TAC-KGP
[19] include these tasks, whereas others (e.g., OKE
[25] or SemEval tasks [23]) focus on a subset of them.
In addition, most evaluation systems only consider iso-
lated tasks rather than whole information extraction
pipelines.

Another significant shortcoming of current bench-
marking systems is their lack of support for drill-down
analyses that help in explaining error types, either visu-
ally or through text cues. Such analyses have the poten-
tial to considerably improve the efficiency of research
and development in information extraction methods,
since they help in uncovering flaws which might have
been caused by factors such as dataset errors, KG er-
rors, automated annotation errors, and even evaluation
scorer errors [5].

A toolkit that supports holistic benchmarking of in-
formation extraction tasks (i.e., considering the whole
pipeline), debugging and visualizing errors and in ex-
plaining them, would provide significant advantages
towards improving the performance of annotators for
complex information extraction tasks. The research
presented in this paper has been motivated by this need
to create and optimize sophisticated information ex-
traction pipelines for applied research projects such as

InVID 1, ReTV 2, DISCOVER 3, Job-Cockpit 4, and
CareerCoach 5 which had been seriously impaired by:

1. the lack of benchmarking tools covering the
whole information extraction process, and

2. missing support for drill-down analysis which
significantly prolonged development cycles.

Consequently, we have developed an extensible
benchmarking ecosystem called Orbis6, which allows
researchers to extend the coverage of the information
extraction process by creating plugins, and provides
analytics and visualizations specifically designed to-
wards promoting interpretability and explainability.
The first version of Orbis was created to support the
development of Recognyze, a graph-based named en-
tities disambiguation tool [38]. Once Recognyze en-
tered production, the tool was expanded to support
more IE tasks. Orbis supports standard evaluation met-
rics (e.g., precision, recall, F1, accuracy), drill-down
analyses by visualizing gold standard and system re-
sults in context (i.e., the annotated document), modes
for comparing multiple evaluations (i.e., the gold stan-
dard and the output of two or more information extrac-
tion systems), and overview pages which highlight-
ing significant changes between evaluation runs. These
tools aid experts in quickly identifying shortcomings
within their methods and in addressing them. Compar-
ative evaluations can be used to outline differences be-
tween systems, evaluation settings, and gold standard
versions.

The remainder of this paper is organized as follows:
Section 2 discusses the state of the art; Section 3 intro-
duces the theoretical framework used for performing
evaluations of content extraction (CE), named entity
recognition (NER), named entity linking (NEL), and
slot filling (SF); Section 4 provides a brief overview of
Orbis, its main components and capabilities; and Sec-
tion 5 discusses explainable benchmarking principles
and illustrates how Orbis implements them. The paper
concludes with a discussion in Section 6 and an out-
look and conclusions presented in Section 7.

1https://www.invid-project.eu/
2https://retv-project.eu/
3https://fhgr.ch/discover
4https://fhgr.ch/job-cockpit
5https://fhgr.ch/CareerCoach
6Orbis and related repositories are available under the following

GitHub namespace: https://github.com/Orbis-eval/

https://github.com/Orbis-eval/
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2. Related Work

Ling et al. [22] describe early issues found in
NEL evaluations, such as the lack of (i) clear task
definitions; (ii) evaluation tools that use the same
datasets; and (iii) means for understanding which as-
pects make certain systems better than others. Bench-
marking systems such as GERBIL [30] help in ad-
dressing these concerns, although their suitability for
providing clear task definitions and support in under-
standing the strengths and weaknesses of systems is
still hotly debated, as illustrated by [17, 32].

2.1. Black-box Evaluation

The tools included in this category typically provide
only evaluation results and no additional entity-level
explanations.

Cornolti’s BAT framework [9], an automated evalu-
ation system that measures per-task performance, de-
fined new evaluation types based on the content of the
annotation tasks. Six annotation tasks have been ini-
tially included in the BAT framework: Disambiguate
to Wikipedia (D2W), Annotate to Wikipedia (A2W),
Scored-annotate to Wikipedia (Sa2W), Concepts to
Wikipedia (C2W), Scored concepts to Wikipedia (Sc2W)
and Ranked concepts to Wikipedia (Rc2W).

GERBIL [30] and its extensions [35, 36] were de-
signed to support multiple experiment types using
black box evaluation techniques. GERBIL was ini-
tially designed to improve upon the BAT framework.
It has become one of the most popular evaluation
tools since it provides: (i) many datasets and anno-
tators for experiments; (ii) a sizeable number of ex-
periment types; (iii) a public version that allows ac-
cess to all performed experiments via a unique identi-
fication number; (iv) the development of public com-
petitions around it (e.g., OKE Challenges). Criticism
against GERBIL has initially revolved around: (i) its
black box evaluation approach which has not provided
system developers with sufficient insights to improve
their own tools; (ii) lack of a query interface to dis-
cover past experiment results for the general public;
and (iii) extensibility.

Some recent versions have mainly been targeted at
improving GERBIL’s extensibility. An early attempt at
performing typed evaluations [35] has led to improved
filtering mechanisms for the various experiment types
(e.g., filters for entity types, pagerank and hitsscores).
The follow-up work [36] dedicates ample space to un-
derstanding a variety of phenomena like missing an-

notations, popularity or the likelihood of confusion of
entities and surface forms using GERBIL. While such
improvements clearly address crticism of GERBIL’s
extensibility, the other two points remain valid at the
time of writing.

Facebook’s KILT [28], a toolkit for evaluating
shared tasks that rely on a common knowledge graph
for grounding, provides both general and task-specific
evaluations, but does not offer comprehensive explana-
tions for them. Besides some basic interface for navi-
gating the tasks and providing the results, the tool does
not provide detailed explanations.

Some basic tools for the evaluation of web pages
cleaning also exist, cleaneval [4] and Waddle7 [3] be-
ing the most well-known, but unfortunately they are
not tailored to specific tasks like forum extraction and
all of them are black-box tools.

2.2. Explainable Evaluation

The neleval8 system [13] based on the TAC-KGP
guidelines provides primary error explanations. As an
alternative, visual evaluation systems such as VEX
[15] also allow close inspection of the evaluation re-
sults and support designers in improving system per-
formance.

Tools that aid in identifying errors in gold standards
can also be included in this category, since they help
explain the various results obtained on old gold stan-
dards. EAGLET [18], a tool designed to help improve
reference standards, was built around a pipeline that
draws upon the results returned by the annotators sup-
ported by GERBIL and includes an error detection
module focused on several error types (e.g., wrong po-
sition, overlaps, combined entities, etc). The precursor
of Orbis used a collection of scripts built on top of the
neleval suite [5] that used four annotators and focused
mostly on identifying major error classes (e.g., KG,
DS errors, etc). The NIFify tool [31] was developed to
help create NIF datasets but can also be used to val-
idate annotated datasets and help in spotting various
errors. The main problem with most of these tools is
that there is no unified error taxonomy, and therefore
errors classified in a particular category by one of the
tools might be classified under a different category or
not classified by another tool.

While most of the tools for evaluating IE tasks have
not been designed with explainable evaluation in mind,

7https://github.com/rundimeco/waddle
8https://github.com/wikilinks/neleval
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examples of such tools can be found in other areas
of Computer Science. A good description of a toolkit
used for visualizing challenge results for image analy-
sis competitions is presented in [40]. The toolkit con-
tains a wide array of visualizations including, but not
limited to, box plots, ranking heatmaps, line plots, blob
plots or significance maps. Each graph is used to show-
case a different aspect of the system performance, as
ranking heatmaps, for example, can easily show which
system performs best, whereas blob plots would ex-
plain which system is most stable through the various
tasks.

3. Background and Problem Statement

As described in Section 2, explainability is key to-
wards improving information extraction methods. Be-
fore describing methods for adding explainability lay-
ers into benchmarking systems, this section provides
background on formal problem statements for the fol-
lowing IE tasks:

1. content extraction ensures that only relevant con-
tent is extracted for analysis,

2. named entity recognition locates mentions of
named entities in textual content and determines
the entity type(s),

3. named entity linking identifies links to mentioned
named entities within target knowledge graphs,
and

4. slot filling extracts information on relations in
which the named entities participate.

3.1. Content extraction

Apart from web data accessible via APIs or struc-
tured formats such as RSS and JSON-LD, web pages,
forums and social media typically provide a mixture of
unstructured content such as the relevant text, associ-
ated images or videos as well as noisy elements (e.g.,
links to other content, irrelevant text, advertisements,
etc.) which have the potential to seriously impact the
results of downstream IE tasks.

3.1.1. Problem Statement
Content extraction addresses this issue by identify-

ing and extracting relevant content from web sources
in a form suitable for the subsequent processing steps.
Boilerplate removal, for instance, is a content extrac-
tion method that removes boilerplate elements from
media articles and blog posts. Forum extraction, in

contrast, is concerned with identifying posts in web fo-
rums where a typical web page contains multiple posts
structured in different ways (topics, threads, replies,
etc.). Optionally, forum extraction may also include
the post metadata such as author, date and post struc-
ture [37]. Forum extraction methods can also be ap-
plied for social media, especially if the considered
pages have various conversations with a thread struc-
ture.

Definition. A content extraction system analyzes an
input document di that contains information which
is encoded as plain text, markup (e.g., XML-based
formats, markdown etc.) or in a binary format (e.g.,
JPEG, MP4, PDF, DOCX etc.) to extract one or more
text strings S r

i relevant to downstream IE processes.

3.1.2. Evaluation metrics
The performance of context extraction systems is

computed by comparing the extracted text strings S r
i

with strings obtained from gold standard annotations
S g

i . Metrics may either perform string-based (e.g., Lev-
enshtein distance) or token-based (e.g. Jaccard Coeffi-
cient and token-based similarity) comparisons. Token-
based methods split text strings into tokens t j to com-
pare the extracted token set T r

i to the tokens T g
i within

the gold standard text. Currently, Orbis supports the
following three evaluation metrics:

1. The normalized Levenshtein distance (levi
n) is a

string-based metric that normalizes the Leven-
shtein distance with the length of the extracted
text (|S r

i |) and the corresponding gold standard
annotation (|S g

i |) as outlined below:

levi
n(S

r
i , S

g
i ) =

0 if|S r
i | = 0 or |S g

i | = 0
lev(S r

i ,S
g
i )

max
(
|S r

i |,|S
g
i |
) otherwise (1)

Text snippets that have been missed (|S r
i |=0)

and superfluous text (|S g
i |=0) yield the minimum

similarity of 0 since |T r
i ∩T g

i | = 0 in these cases.
2. The Jaccard Coefficient (J) is a token-based met-

ric which is computed as outlined below:

J(T r
i ,T

g
i ) =

T r
i ∩ T g

i

T r
i ∪ T g

i
(2)

3. The token-based similarity uses the token over-
lap to compute precision, recall and the F1 mea-
sure:

P(T r
i ,T

g
i ) =

|T r
i ∩ T g

i |
|T e

i |
(3)
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R(T r
i ,T

g
i ) =

|T r
i ∩ T g

i |
|T g

i |
(4)

F1(T r
i ,T

g
i ) =

P(T r
i ,T

g
i ) · R(T r

i ,T
g
i )

P(T r
i ,T

g
i ) + R(T r

i ,T
g
i )

(5)

3.2. Named Entity Recognition (NER)

Named entity recognition is one of the oldest NLP
tasks. The task was proposed in its current form in
1995 at the MUC-6 challenge [34]. The idea was to
add markup that identifies entities and coreferences in
text, as well as possible relations.

3.2.1. Problem Statement
Definition. A Named Entity Recognition (NER) sys-

tem takes an input string S r
i , and parses it to identify

and classify mentions of entities mti
[si]

or mti
[xi,yi]

with
surface form si within the text into entity types ti ∈ T .
The variables xi and yi indicate the start and end posi-
tion of the surface form si within the parsed text string.

Although standard NER tasks only use a limited set
of non-overlapping classes (e.g., LOC, ORG, PER and
MISC), recent evaluations such as the TAC-KBP 2019
Ultra-Fine-Grained Name Tagging for Entity Types
task considers 187 fine-grained types, and the task’s
designers have even set up an optional task with 7,309
YAGO/WordNet types [20]. In addition, fine-grained
named entity recognition may also yield multiple
types (e.g., foaf:Person, yago:Politician-
110450303, yago:President110467179) for
individual entities.

3.3. Named Entity Linking (NEL)

NEL is considered an extension of the NER task in
the context of knowledge graphs that was proposed a
decade after the MUC-6 conference by Bunescu and
Pasca [6]. Regardless of the model that is globally
used for disambiguation, NEL tools are required to
link mentions of named entities to a target knowledge
graph.

3.3.1. Problem Statement
Definition. A Named Entity Linking system (also

called automated annotator) links a mention mei,KG
[si]

or

mei,KG
[xi,yi]

of a named entity with surface form si within a
document d to the corresponding entity ei in a knowl-
edge graph (KG). The variable xi indicates the men-
tion’s start position within the document and yi the cor-
responding end position.

Mentions may overlap and the specification of the
knowledge graph can be omitted, if it is not relevant

for the application (e.g., if we do not consider different
KG versions in the given use case).

NEL systems distinguish between the following
types of mentions:

1. mei,KG
[si]

surface forms si that were linked to an en-
tity ei within a knowledge graph KG;

2. mnil
[si]

mentions of Named Entities (NEs) that are
not found in the KG and, therefore, are not linked
(i.e., NIL entities);

3. m∅[si]
candidate mentions with surface form si that

do not refer to a named entity.

3.3.2. NEL Benchmarking Issues
Evaluating NEL performance is a complex task

which involves multiple components:

– one or multiple NEL tools;
– a specific KG version (e.g., DBpedia 2016-10,

Wikidata 25-04-2019, etc);
– one or multiple gold standards which are gener-

ally collections of documents annotated by hu-
man or automated annotators;

– a scoring system that will evaluate the automated
annotators against the gold standards, classify the
answers and score them.

The following sections outline how design decisions
on these factors influence NEL benchmarking results
and, therefore, impact the explainability and repro-
ducibility of NEL evaluations.

3.3.3. Different Annotator Configurations
Optimizing annotators for a specific dataset is a

common practice which would be unproblematic if
optimizations were fully documented, enabling third-
party researchers to reproduce annotator configura-
tions. In practice, these configurations are often not ex-
plained which affects evaluations by yielding a differ-
ent annotator behavior and consequently a different set
of linked mentions:

M∗ =
{

m∗,e1,KG
[s1]

, ...,m∗,en,KG
[sn]

}
(6)

rather than the one obtained in the original evaluation:

M =
{

me1,KG
[s1]
, ...,mel,KG

[sl]

}
. (7)

3.3.4. Different Knowledge Graph Versions
Knowledge Graphs evolution poses another chal-

lenge to NEL benchmarking. Different Knowledge
Graph versions:
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– often differ in the available entities, and may (i)
transform a former NIL entity mnil

[si]
into a mei,KG

[si]

link to the KG or vice versa, and (ii) add or re-
move ambiguities into the NEL linking process,
therefore, linking an entity mei,KG

[si]
to another KG

entry e′i .
– refine the available context information on named

entities which in turn might influence the linking
of named entities as described above.

It is important to note that KGs can go through
consolidation phases, especially after periods of rapid
growth. In such periods, links may be added or re-
moved to consolidate the entire graph. Update fre-
quency (or alternatively, the RDF dumps publishing
frequency) is therefore an important property of a KG.
Due to this, it is important that each dataset and anno-
tator tool is tagged with the corresponding KG version.

Consequently, gold standard datasets as well as NEL
tools should indicate the version of the target knowl-
edge graph. Strategies for dealing with knowledge
graph evolution are discussed in Section 5.3.2.

3.3.5. Different Gold Standard Annotation Guidelines
The huge variation in naming conventions allows for

different options for annotating entities. Person names,
for example, frequently include titles (President, Sen-
ator, Prince, Judge, CEO, etc.). Locations can include
place qualifiers (e.g., N/E/S/W); abbreviations (e.g.,
CA for California); nested entities (e.g., New York Sta-
dium); addresses (e.g., 221B Baker Street). Fictional
works frequently contain references to author names
(e.g., Dante’s Inferno and Zeppelin’s Immigrant Song)
or to the franchise to which they belong (e.g., Star Trek
Discovery). Events are even more complex, since they
sometimes take the name of the place or time when or
where they happened (e.g., Grenfell Tower or Septem-
ber 11) and, therefore, they require more fine-grained
disambiguation mechanisms and additional context.

Annotation guidelines need to be included when a
gold standard is created to clarify how experts anno-
tated the entities. In practice this leads to different an-
notation styles which in turn complicates the task of
comparing results. The surface form “Star Trek Dis-

covery”9, for instance, can yield as named entities (de-
pending on the used annotation style) either one of:

mdbr:S tar_Trek_Discovery
[Star Trek Discovery] (8)

or

mdbr:S tar_Trek_Discovery
[Star Trek Discovery] ,mdbr:S tar_Trek

[Star Trek] (9)

It can be seen that divergent annotation styles yield
different gold standard annotations M and conse-
quently also varying results from evaluations, again
impacting the reproducibility.

3.3.6. Different Scoring Rules
Within the context of an evaluation, scoring rules

outline the conditions under which a gold standard
mention mc := mec,KG

[xc,yc]
and a mention returned by the

NEL system ms := mes,KG
[xs,ys]

are considered equivalent
to each other.

The following scoring rules are frequently used in
NEL evaluations:

1. perfect match P - the entities refer to the same
KG entity ei, and exactly same surface form si.

2. contained match C - both entities refer to the
same KG entity ei and the surface form of the
mention returned by the NEL system ms is con-
tained in the surface form of the corpus mention
mc, i.e., xs

i > xc
i and ys

i 6 yc
i .

3. overlapping match O - this case is equivalent to
the contained match but further relaxes the re-
strictions on the surface form, so that even an
overlap (i.e., ys

i > xc
i and xs

i 6 yc
i ) between enti-

ties is considered a valid match.

The used scoring rule has a significant impact on the
computation of the NEL system’s performance metrics
such as precision and recall.

Simply by enumerating these issues, it can easily be
seen that explainability, reproducibility and quality of
the current slate of evaluations still need a lot of work.

9The surface form corresponds to the DBpedia resource
https://dbpedia.org/page/Star_Trek:_Discovery which will be repre-
sented through its abbreviated form dbr:Star_Trek_Discovery in this
article.
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3.4. Slot Filling

Slot filling can be considered a special case of rela-
tion extraction which requires the extraction of a pre-
defined set of relations r j (i.e., the slots) from textual
content.

3.4.1. Problem statement
Definition Slot filling collects information of the

form (ei, r j, ek) on entities ei from text strings S r
i that

have been extracted from unstructured input docu-
ments di and can be used to create, extend or refine a
knowledge graph KG [1].

In this definition ei refers to the entity on which in-
formation is collected, r j denotes the slot on which
information is collected (e.g., per:employee_of,
foaf:age, per:parents), and ek to the slot’s
value. Slot filling may, therefore, also be understood as
a query that searches for entities ek which are in rela-
tion r j to entity ei.

Slots may differ in cardinality and in the type of val-
ues they accept. The slot foaf:age, for instance, has
a cardinality of one and only accepts a numeric value,
per:parents has a cardinality of two and accepts
entities of type Person, and per:employee_of
usually has a cardinality > 0 and allows for entities of
type Person and Organization.

Slot filling evaluations usually also consider multi-
hop queries which require combining queries. For in-
stance, filling the slot per:birthday_of_children
for the entity Albert Einstein will require combining
two slot filling tasks:

1. a query for the slot per:has_child which
yields the three entities Lieserl Einstein, Hans
Albert Einstein and Eduard Einstein, and

2. a query for slot foaf:birthday for these
three entities which provides the answer for the
given multi-hop query (27 January, 14 May and
28 July).

For the evaluation, the slot’s values are still considered
to be the results of one “virtual query” and are solely
scored based on the correctness of the outcome [8].
False positives (e.g., birthdays that are not part of the
correct answer) and negatives (e.g., birthdays that have
been missed), are, therefore, scored as incorrect.

3.4.2. Evaluation metrics
Slot filling usually draws upon the standard evalua-

tion metrics precision, recall, and F1 measure that are
obtained by comparing the extracted slots (ei, r j, ek) to
the corresponding gold standard entries.

For a result to be considered a true positive (TP), the
whole triple of (ei, r j, ek) must match a gold standard
entry. Superfluous results that do not match gold stan-
dard entries are considered false positives (FP), and
missing triples count as false negatives (FN).

Finally, most evaluations only score triples that are
related to the query, i.e., where r j is the queried slot, ei

the entity used in the query and e j the entity or value
that occurs in the result set [8]. This restriction is im-
portant for slots that require multi-hop queries, since
these queries may return additional triples that are not
directly relevant to the answer.

Based on this definition, precision (P), recall (R) and
the F1 measure are obtained as follows:

P =
|T P|

|T P ∩ FP|
(10)

R =
|T P|

|T P ∩ FN|
(11)

F1 =
P · R

P + R
(12)

Computing precision, recall and F1 measure based on
the number of total TP, FP and FN across all evalua-
tions yields micro precision (mP), micro recall (mR)
and micro F1 (mF1) which refer to the average sys-
tem performance to expect for an arbitrary query. In
contrast, computing P, R and F1 measure for each slot,
and then averaging the metric yields the macro metrics
(MP, MR and MF1) which indicate the average per slot
performance.

While these metrics provide a good summary of
the system performance, they are not by themselves
helpful for understanding and improving slot filling
components. This is particularly true since slot fill-
ing requires coupling multiple components and is,
therefore, heavily affected by pipeline effects where
errors multiply across modules. Consequently, Orbis
provides metrics and visualizations for evaluating up-
stream modules such as content extraction and named
entity linking in addition to components for visualizing
slot filling results.

4. Orbis Architecture

Orbis focuses on explainable benchmarking, i.e.,
on providing benchmarks, analytics and visualizations
that help system designers in better understanding the
strengths and weaknesses of their systems as well as
explaining the reasons for a particular evaluation re-



8 A.M.P. Braşoveanu et al. / Orbis: Explainable Benchmarking of Information Extraction Tasks

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

sult. Its visual debugging capabilities, for instance, al-
low comparing results with both gold standard anno-
tations, other tools and iterations of a particular NEL
system. Orbis can also be used as a toolkit for building
error classification schemes or new evaluation types.

4.1. Orbis Evaluation Pipeline

Orbis’ architecture was developed around the idea
of flexibility. Almost all important components are im-
plemented as plugins and can be combined into use-
case-specific evaluation pipelines. The plugins focused
on visualizing corpora and results are particularly use-
ful since they allow us to debug evaluations. The core
Orbis interface, for instance, is document-centric and
displays both the gold standard and the annotator re-
sult. Two viewing modes are available: standard and
dark mode.

Evaluation pipelines are described by YAML con-
figuration files and typically consist of the following
three stages: acquisition, assessment and presentation.

1. The acquisition stage loads the data needed for
the evaluation run, such as the gold standard and
the predictions (i.e., the annotations provided by
the NEL tool). The data object that holds all the
data for an evaluation run is passed from stage to
stage.

2. The assessment stage compares the gold standard
to the predictions and produces a scored result,
e.g., a confusion matrix, and the corresponding
metrics like precision, recall and F1 score.

3. The presentation stage converts the evaluation re-
sults into different output formats and produces
artifacts such as analytics, tables and visualiza-
tions to analyze and process the results.

Orbis also supports integrating external extension
packages into the evaluation pipeline in each stage. Ex-
ternal packages are not part of the core Orbis distribu-
tion, but installed separately using pip or other Python
installation methods. Orbis will detect installed pack-
ages automatically and integrate these extensions into
the corresponding stages of the pipeline.

Some useful extensions include:

– repoman for integrating new gold standards into
the Orbis evaluation pipeline;

– annotator pipelines for ingesting data from auto-
mated annotators;

– single_view for examining corpora;
– tunnelblick displays corpus items in an HTML

view;

Table 1
Datasets integrated into Orbis.

Task Dataset Language Description

CE WebForum52 EN/DE Medical forums

NER/NEL N3 - Reuters128 EN Short News
NER/NEL N3 - RSS500 EN Blogs
NER/NEL N3 - News100 DE News
NER/NEL OKE 2016 EN Abstract
NER/NEL KORE50 EN Short sentences
NER/NEL DBpedia Spotlight EN News
NER/NEL MediaRes100 EN Wikinews

SF JobCockpit DE HR extraction

Table 2
Annotators integrated into Orbis.

Task Annotator Languages Formats

CE Inscriptis [37] Agnostic JSON
CE boilerpy [21] Agnostic JSON
CE Dragnet [27] Agnostic JSON
CE jusText [29] Agnostic JSON
CE Harvest [37] Agnostic JSON

NER/NEL DBpedia Spotlight [10] EN,DE NIF
NER/NEL Babelfy [24] EN,DE NIF
NER/NEL AIDA [16] EN,DE NIF
NER/NEL FREME [12] EN,DE NIF
NER/NEL OpenTapioca [11] EN,DE NIF
NER/NEL Spacy [7] EN,DE NIF
NER/NEL Recognyze [38] EN,DE NIF

SF Recognyze [38] EN,DE NIF, JSON

– satyanweshi compares the predictions of two
evaluation runs side by side;

– legion computes the agreements between multiple
annotators for error classification tasks.

4.2. Orbis Datasets and Annotators

In addition to custom datasets and annotators, Or-
bis provides built-in support for a number of popular
gold standards and annotators which are listed in Ta-
ble 1 and 2. NER/NEL/SF annotators were integrated
using the NIF format, where possible, as it is consid-
ered the industry standard. For annotators that do not
offer NIF output such as Spacy dedicated wrapper have
been created. The CE annotators were integrated using
the JSON format.
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Fig. 1. A cropped screenshot of the results as generated by Orbis for item 21 of the Reuters128 evaluation corpus as annotated with Recognyze.
Matching colors indicate identical resources.

Fig. 2. A cropped screenshot of the types classification scheme for the Reuters128 corpus. Task: NEL

4.3. Orbis Visual Interface

Orbis visually displays gold annotations and anno-
tator results in tabs next to each other. Color coding
supports experts in quickly comparing named entities
annotated in the gold standard to the annotator results.
These visualizations aid in the rapid identification of
errors in the annotator’s results. Orbis also allows dis-
playing multiple annotator results alongside the gold
standard annotation to facilitate drill-down analysis
that contrast different evaluation settings and systems.
In addition, Orbis supports exporting results in multi-
ple formats such as JSON or HTML.

The interface was designed based on the grammar
of graphic principles outlined by Wilkinson [41], as
well as on the two very influential taxonomies of
Shneiderman [33] and Heer [14]. In general we follow
the guidelines of visual analytics expressed by Shnei-
derman: overview first, zoom, filter, then provide the
details-on-demand, relations (relate principle), history
and extract [33]. The overviews contain general cor-
pus results (e.g., P, R, F1). Experts can then zoom into
single documents or obtain details-on-demand on in-

dividual entities. The relations (relate principle) be-
tween various evaluation runs can easily be explored
via the interface which allows comparing runs from the
same or multiple annotators. This relational analysis
typically constitutes the start of the fine-grained anal-
ysis phase. The extract phase is implemented in vari-
ous parts of the interface via highlighting (e.g., in the
overviews view), where all the problematic documents
are visually marked.

Drill-down analyses on the level of individual an-
notations help in performing thorough examination of
individual test documents and annotations returned by
the evaluated system. These visualizations aid in iden-
tifying systematic problems with the annotator, ways
to mitigate them (Figure 2), and help experts in better
understanding why the evaluated system performed in
a certain way.

5. Interpretability and Explainability in Orbis

This sections presents an overview of the inter-
pretability and explainability features built into Orbis.
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5.1. FAIR Principles

One key aspect in the evaluation of benchmarking
tools is represented by the implementation of FAIR
principles [42]. Out of the tools examined in Section 2,
only GERBIL has previously been described as adher-
ing to these principles [30]. Orbis also respects these
principles, though the implementation in some cases
differs from GERBIL. Table 3 summarizes the current
Orbis implementation of the FAIR principles. In con-
trast to other benchmarking systems which mostly fo-
cus on reproducibility, the development of Orbis was
also guided by the desire to provide potent means for
understanding evaluation results which in turn should
pave the way for a more systematic improvement of
NEL annotators.

The main challenge to the issues of explainability
and interpretability was to provide a set of possible in-
terpretation on top of current results without resorting
to explaining each algorithm. This meant that several
compromises had to be made and that a new approach
towards explainability and interpretability through vi-
sualization had to be developed. The following sub-
sections describe how systematic error analysis, lenses
and visual classification help in achieving this goal.

5.2. Error Analysis

As already outlined in Section 3.3, when perform-
ing NEL evaluations we can discover errors caused by
the dataset (DS), by the KG version (KG), by the eval-
uated system (AN) or even by the scorer (SE) that was
used. It has to be noted that not all of these error types
can necessarily be automatically detected, as for exam-
ple a system error might need multiple rounds of anal-
ysis (e.g., besides flagging such an error, a system de-
signer might also want to know which component of
the system caused the error). Some dataset errors like
inconsistencies related to contained (C) or overlapping
matches (P) can be spotted if annotation guidelines are
known or at least if it is assumed that a single annota-
tion style should be followed through an entire corpora
annotation process. NIL classification errors, a special
type of KG errors, can automatically be flagged when
using a new KG version (e.g., when a tool that uses
the latest DBpedia is evaluated against a gold standard
produced with an earlier DBpedia version such as 3.9
and 2015-10). Unlike the other error cases, scorer er-
rors are difficult to spot automatically, as it is often
only due to the existence of a good scorer that we can
flag any errors in the first place. Such automated er-

ror highlighting, even if not yet available for scorers, is
definitely welcome for NEL system designers, as they
will then be able to focus on the class of errors they are
most interested in: annotator errors.

We need to note that a certain number of errors is
caused by the evaluation setup. For example, evalua-
tions might draw upon old gold standards or use dif-
ferent KG indexes (e.g., different KG versions). In our
opinion, fair evaluations should include the same KG
version in the gold standard and KG index used by the
annotators. This can be achieved by using custom KG
builds or annotation styles, as explained in the follow-
ing subsection.

In addition, a case should be made for including the
annotator settings with published evaluation results,
since most annotator tools offer comprehensive config-
uration and fine-tuning options which are required for
reproducing the reported outcome.

5.3. Lenses

Lenses enable transformations between gold stan-
dard and annotator results. Similar to their use in pho-
tography, they provide different views on gold stan-
dard annotations and, therefore, allow benchmarking
across annotation styles and KB versions.

5.3.1. Annotation Styles
Problem description: Annotation styles specify rules
that help both human and automated annotators in as-
sessing (i) if candidate mentions should be considered
a mention of a named entity, and (ii) the extent of the
corresponding surface form.

Although a trivial design decision for isolated men-
tions, the consistent handling of nested mentions re-
quires more thought. For instance, the text snippet Uni-
versity of Western Australia Cricket Club may contain,
dependent on the applied annotation rule, up to four
overlapping mentions (Australia, Western Australia,
University of Western Australia, University of Western
Australia Cricket Club). In addition, annotation styles
might be entity type specific even within a single cor-
pus.

Lens transformation rules: We consider the follow-
ing three annotation styles, as illustrated based on the
annotation of the text snippet Vienna, VA:

1. 6OMIN disregards overlapping entities and ex-
tracts the minimum number of entities from the
provided text: mdbr:Vienna,_Virginia

[Vienna, VA] , i.e., links the
snippet to the Vienna, Virginia DBpedia entity.
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Table 3
FAIR principles implementation in Orbis.

Principle Implementation

Findable

F1. (Meta)data are assigned a globally unique and persistent identifier Unique ID per experiment
F2. Data are described with rich metadata (defined by R1 below) Experimental configuration as YAML

F3. Metadata clearly and explicitly include the identifier of the data
they describe

Data URIs are included

F4. (Meta)data are registered or indexed in a searchable resource Planned for future version of Orbis

Accesible

A1. (Meta)data are retrievable by their identifier using a standardised
communications protocol

HTTP, JSON

A1.1 The protocol is open, free, and universally implementable HTTP and JSON are open standards
A1.2 The protocol allows for an authentication and authorisation

procedure, where necessary
Not needed

A2. Metadata are accessible, even when the data are no longer available All experiments and data are archived.

Interoperable

I1. (Meta)data use a formal, accessible, shared, and broadly applicable
language for knowledge representation.

JSON

I2. (Meta)data use vocabularies that follow FAIR principles Community-based, open vocabularies
I3. (Meta)data include qualified references to other (meta)data Planned for future version of Orbis

Reusable

R1. Meta(data) are richly described with a plurality of accurate and
relevant attributes

Experiment measures are based on TAC standards.

R1.1. (Meta)data are released with a clear and accessible data usage
license

GPL2

R1.2. (Meta)data are associated with detailed provenance Provenance data can be added to all experiments.
R1.3. (Meta)data meet domain-relevant community standards Covers a superset of domain-relevant data.

2. The annotation style 6OMAX, in contrast, extracts
the maximum number of entities (including over-
laps): mdbr:Vienna,_Virginia

[Vienna] ,mdbr:Virginia
[VA]

3. The style OMAX essentially combines the previ-
ous styles while taking into account the overlaps:
mdbr:Vienna,_Virginia

[Vienna, VA] ,mdbr:Virginia
[VA]

The presented rules only consider borderline cases,
even though combinations of them can also be used
within a corpus. For instance, a corpus might use
the OMAX rule for LOC entities but apply 6OMIN
for all other entity types, therefore only yielding
mdbr:ET H_Zurich

[ETH Zurich] rather than mdbr:ET H_Zurich
[ETH Zurich] and mdbr:Zurich

[Zurich]
for the text snippet ETH Zurich.

Table 4 outlines transformation rules between dif-
ferent annotation styles. The table’s header refers to
the column of the source annotation style (i.e., 6OMIN,
6OMAX, OMAX) and the table rows indicate the desti-
nation style. A transformation from 6OMAX to 6OMIN,
for instance, involves translating the non-overlapping
mentions me1,KG

[x1,y11], . . . ,m
en,KG
[x1n,y1] to a single mention

me1,KG
[x1,y1]. Applying this rule to the mention “Burbank,

California” would transform the two 6OMAX annota-
tions

mdbr:Burbank,_Cali f ornia
[Burbank] mdbr:Cali f ornia

[California]

to the 6OMIN annotation

mdbr:Burbank,_Cali f ornia
[Burbank,Cali f ornia]

that combines the surface forms of the 6OMAX annota-
tions. Table 5 provides additional examples that illus-
trate how these transformation rules translate between
annotation styles.

5.3.2. Knowledge Graph Evolution and Translation
Problem description: Knowledge graphs such as
DBpedia and Wikidata differ in their model, cover-
age and completeness. In addition, knowledge graphs
evolve due to changes of the domain, corrections,
and extensions of their coverage. Lenses can capture
changes such as the

1. introduction of new entities;
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Table 4
Lens transformation rules between the 6OMIN, 6OMAX and OMAX annotation styles.

Annotation 6OMIN 6OMAX OMAX
style
Corpus entity me1 ,KG

[x1,y1] me1 ,KG
[x1,y11], . . . ,m

en ,KG
[x1n,y1] me1 ,KG

[x1,y1], . . . ,m
en ,KG
[x1,y1]

Transformation to
6OMIN me1 ,KG

[x1,y1] me1 ,KG
[x1,y1] me1 ,KG

[x1,y1]

6OMAX me1 ,KG
[x1,y11], . . . ,m

en ,KG
[x1n,y1] me1 ,KG

[x1,y11], . . . ,m
en ,KG
[x1n,y1] me1 ,KG

[x1,y11], . . . ,m
en ,KG
[x1n,y1]

OMAX me1 ,KG
[x1,y1], . . . ,m

en ,KG
[x1,y1] me1 ,KG

[x1,y1], . . . ,m
en ,KG
[x1,y1] me1 ,KG

[x1,y1], . . . ,m
en ,KG
[x1,y1]

Table 5
Examples of how annotation styles affect annotations based on the text snippets “Sir Patrik Steward OBE”, “MLB Advanced Media (MLBAM)”
and “Burbank, California”.

Entity Type Person Organization Location

Annotation Style

6OMIN Sir Patrick Stewart OBE MLB Advanced Media (MLBAM) Burbank, California

6OMAX
Sir

Patrick Stewart
OBE

MLB Advanced Media
MLBAM

Burbank
California

OMAX
Sir Patrick Stewart OBE

Sir
OBE

MLB Advanced Media (MLBAM)
MLBAM

Burbank, California
California

2. deletion of entities no longer considered relevant;
3. mapping changes like the addition of new prop-

erties or new entity types.

Lens transformation rules and mitigation strategies:
Table 6 explains the corresponding transformation
rules. New entities may allow the grounding of former
NIL entities to the extended KG. The removal of an en-
tity, in contrast, may transform an existing grounding
to a NIL entity since the corresponding KG entity is
no longer available. Finally, mapping changes may be
geared towards creating a more fine-grained ontology
and may lead to the introduction of new entity types.

KG translation (also known as KG migration) is the
case in which a corpus that has been initially anno-
tated with one KG is used to evaluate a component
that links mentions to another KG. Many well main-
tained knowledge graphs such as DBpedia, GeoNames
and Wikidata contain links to indicate equivalent en-
tities (e.g., owl:sameAs, skos:exactMatch, etc). These
links and techniques such as ontology alignment may
be used to automatize the transformation of a mentions

mei,KG
[xi,yi]

within a KG (KG) to the corresponding mention

mei,KG′

[xi,yi]
in the target KG (KG′). KG migration draws at

the same set of transformation rules as the KG evolu-
tion use case.

5.4. Visual Classification

Different visual classification schemas support users
in performing a wide range of analyses. These schemes
are paired with coloring schemes which help users in
quickly identifying problematic results. Currently, Or-
bis supports selection of the following classification
schemes:

– Entity - each distinct entity is presented with a dif-
ferent color. When examined across both panels
(gold and predicted) the entities displayed with
matching colors were correctly identified.

– Type - entities are classified by type. The coloring
represents the typing in both panels.
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Table 6
Lens transformation rules for knowledge graph evolution and translation.

Task new entity deleted entity more fine grained coarser entity
entity mapping mapping

Corpus entity mnil,KG
[xi ,yi]

mei ,KG
[xi ,yi]

mei ,KG
[xi ,yi]

mei1
[xi1 ,yi1]

, . . . ,mein ,KG
[xin ,yin]

Transformation mei ,KG′

[xi ,yi]
mnil,KG′

[xi ,yi]
mei1 ,KG′

[xi1 ,yi1]
, . . . ,mein ,KG′

[xin ,yin]
mei ,KG′

[xi ,yi]

– Result - the classification and coloring scheme re-
flects the test results (e.g., TP, FP, TN, FN). This
coloring mostly affects the predicted panel.

Advanced classification schemes have also been de-
veloped for various plugins, but they typically have
more dependencies (e.g., evaluation types, taxonomies
or ontologies, corpora) and are enabled only for spe-
cial evaluation types (e.g., slot filling). Some examples
of such classifications include:

– Cluster - which is used for slot filling evaluations.
All attributes that belong to the same entity are
included in the same cluster (Figure 3). For ex-
ample, if a text contains information about a com-
pany, its CEO and its address - they will all be in-
cluded in the same company cluster and colored
with the same color.

– The Error classification schema displays classifi-
cation errors according to a taxonomy or ontol-
ogy. The default taxonomy for Orbis is currently
based on [5] in which each error class is assigned
a different color

– Content Extraction - which supports evaluating
the performance of content extraction pipelines
(Figure 4). This is currently the only view that fo-
cuses on text blocks rather than entities, since it
highlights whether the correct text snippets were
extracted.

Orbis also provides an overview which offers ad-
ditional information related to an evaluation (e.g.,
dataset, evaluation type). For debugging reasons, a re-
duced set of this functionality (e.g., only general set-
tings and results) can be displayed on each page.

To enable reproducibility of old evaluations, Orbis
can also serialize the whole content of the evaluation
(e.g., corpora, gold and predicted results, general eval-
uation results, etc) in its custom archive format called
rucksack. The created archives allow the reconstruc-
tion of the gold standard and annotator results at eval-
uation time, therefore, effectively providing time cap-
sules with past results. In the case of copyright pro-

tected corpora or gold standards, we recommend the
full encryption of such rucksack files to protect the
contained data from leaking.

5.5. Comparison with Other Tools

The following discussion classifies benchmarking
systems based on the following criteria:

– (i) the extent to which they provide explanations
of evaluation results;

– (ii) how they aid experts in performing drill-down
analyses of the evaluation results;

– (iii) the support they provide for various types of
visualizations.

Leaderboard style only tools (e.g., KILT [28]) were
not included in our comparison, since we are interested
in systems that can be used as springboards for more
complex evaluations.

As it can be easily seen from Tables 7 and 8, the
tools that are popular for evaluating content extrac-
tion (e.g., Cleaneval and Waddle), do not offer ad-
vanced visualization facilities. This can be explained
through the fact that they were not developed for
specific use cases such as cleaning social media and
web forums, but rather for the general task of clean-
ing web pages. Nevertheless, we decided to include
them in our tables, since they are the most popular in
their category. Some sub-tasks like boilerplate detec-
tion also have specific evaluation tools (e.g., Clean-
PortalEval10), which haven’t been included, since they
only cover a small part of the content extraction use
case.

Tools should not be limited to aggregated evaluation
metrics such as precision, recall, F1, and the counts of
false positives and false negatives within a document,
but also explain results by providing annotations such
as incorrect surface form, and incorrect
link, if possible. These descriptions are termed pri-
mary analysis since they provide a basic explanation

10https://github.com/ppke-nlpg/CleanPortalEval
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Fig. 3. A cropped screenshot of cluster classification scheme for the JobCockpit corpus. The zigzag lines indicate the removal of white lines.
Task: Slot Filling.

Fig. 4. A cropped screenshot of the Orbis - Harvest results for the WebForum52 corpus. Task: Forum Extraction

Table 7
Comparison of results provided by different CE/NEL/Combined evaluation tools.

Result granularity Analysis Export
type corpus doc sentence NE primary fine-grained third-party formats

Cleaneval CE 3 3 7 7 7 7 7 7

Waddle CE 3 3 7 7 7 7 7 7

BAT NEL 3 3 3 3 7 7 7 7

GERBIL NEL 3 3 3 3 7 7 3 QB
neleval NEL 3 3 3 3 3 7 3 tsv
VEX NEL 3 3 3 3 3 7 7 7

Orbis CE/NEL/SF 3 3 3 3 3 3 3 csv, tsv, json, html
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Table 8
Comparison of the support for drill-down analysis provided by different CE/NEL/Combined evaluation tools.

Visualizations & drill-down analysis
type doc sentence NE ∆ between runs single visualization parallel visualizations KG lookup

Cleaneval CE 7 7 7 7 none 7 7

Waddle CE 7 7 7 7 none 7 7

BAT NEL 7 7 7 7 measurements 7 7

GERBIL NEL 7 7 7 7 measurements 7 7

neleval NEL 7 7 7 7 7 7 7

VEX NEL 3 3 3 7 gold-annotator 7 7

Orbis CE/NEL/SF 3 3 3 corpus, document gold-annotator 2+ gold 3

of the classification results. More fine-grained expla-
nations complement the primary analysis by clarifying
aspects related to the origin of the errors (e.g., in the
KG, corpora or annotator).

The analysis of NEL evaluation tools in Table 7 con-
siders systems that act as black boxes as being lim-
ited to returning aggregated results. Once a system pro-
vides primary analysis results, it is considered to be-
long to the explainable systems category, even if their
support for explainability is minimal. The first four
columns (corpus, document, sentence, NE) describe
the granularity of the results provided by the evalua-
tion systems. As it can be seen, all the systems com-
pute granular results, even though they might not all be
accessible to developers. The next set of columns de-
scribes the error analysis capabilities. In some cases, it
is also possible to provide a fine-grained analysis with
an external tool or script, as described in [5, 18]. The
last column lists the output formats supported by the
investigated NEL evaluation tools.

Another important aspect is the interpretability and
explainability of results in terms of the visualization
capabilities offered by a tool. Most benchmarking
tools that could be classified as explainable can indeed
provide visualization capabilities, but we have deemed
such capabilities insufficient if they are not paired with
fine-grained analysis of the results. Visual capabilities
of the analyzed systems are presented in Table 8. We
have examined their ability to provide details on the
difference between runs, as well as single or paral-
lel visualization and KG lookup capabilities (e.g., the
ability to show additional details about the entity ref-
erenced by a certain URI).

6. Discussion

Developing Orbis has helped us in improving our
own tools, development and evaluation processes and

has considerably shaped the way we approach devel-
opment of new software. This chapter explains both its
impact on our own tools, as well as suggestions on how
others can use Orbis to improve their IE pipelines.

6.1. Impact

Orbis was developed while extending our ideas on
error categories observed in NEL tools developed in
the InVID[5] and DISCOVER [39] research projects.
We realized that in some cases it was difficult for
developers to understand where various errors come
from, even when they were clearly labelled, since
they were in text files generated by command line
tools which did not provide the necessary context for
a deeper analysis. These problems considerably im-
peded our NEL research efforts and triggered the deci-
sion to create Orbis, a system that supports explainable
benchmarking and evaluations through a visual inter-
face. The first step was to create a general architec-
ture upon which to build the system [26]. The initial
Orbis version included a general pipeline for process-
ing information, a basic NIF reader, a plugin mech-
anism, a scorer and the early visual interface. Later
versions added lenses, new evaluation types, multi-
ple evaluation domains and many significant improve-
ments to the interface. The early adoption of Orbis re-
sulted in improved deployments of our NEL annota-
tor (Recognyze) for a variety of national and European
projects (e.g., financed through HORIZON 2020, FFG,
Innossuise) including ReTV, EPOCH 11, DISCOVER,
Job-Cockpit, MedMon 12 and CareerCoach.

Although Orbis started with a sole focus on named
entities extraction, its success motivated the extension
to other research areas. The first new use case ap-

11https://epoch-project.eu
12https://www.fhgr.ch/medmon
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peared as an extension of our expertise in the area of
NEL and yielded a small tool for showcasing slot fill-
ing results. The idea was to simply highlight the enti-
ties that belong to various slots or clusters. This tool
was developed in Java and JavaScript in parallel with
the first version of Orbis. The JavaScript visualization
code was later merged into Orbis.

A second use case appeared a year later, when we
noticed that many forum extraction tools have been
prone to similar extraction errors. These errors in-
cluded splitting forum posts into multiple texts, re-
moving post authors or dates, or even deleting entire
posts. This was far from ideal, and we required a better
method for understanding what happened to the miss-
ing data or posts before addressing this problem. Dis-
playing extraction errors visually helped a lot, and trig-
gered the development of Harvest [37] which ended up
being one of the top tools in the field of forum extrac-
tion. Harvest has been successfully deployed on var-
ious projects that use the webLyzard platform 13, in-
cluding some associated portals.

6.2. Improving Information Extraction Tools with
Orbis

There is no perfect algorithm that performs best on
all datasets. The variation between results obtained
with Orbis and other tools is due to the strict entity typ-
ing policy. Lenses offer a solution to this problem, but
they require careful calibration when implemented, as
it is important to strike the right balance between the
number of changes we need to explore and the num-
ber of lenses through which we can implement these
changes. A smaller number of lenses is preferred to a
higher number, as nobody has enough time to examine
too many views.

Besides looking at the general results, each doc-
ument can be analyzed through multiple classifica-
tion schemes, as discussed in Section 4.3. Each clas-
sifier serves different purposes, as the entity (default)
scheme helps people identify the various entities clas-
sified; the type scheme highlights the various types
from a text; whereas the result classification is ideal for
understanding what kind of test results are more fre-
quent in certain documents. Based on these classifica-
tions, developers can select documents or error types
they want to improve. Developers may, for example,
opt to simply fix all the errors that can be discovered in

13www.weblyzard.com

the basic entity types (hence they might use the Type
classification), whereas others might focus on address-
ing all the errors (hence they will prefer the test Results
classification).

Orbis can also be used for improving gold standards.
Its visualizations and the results that can be extracted
from them represent a first step. For example, after se-
lecting a classification scheme and verifying the re-
sults, one developer might submit a set of changes to
the publisher of the corpora. This is relatively easy, as
all the results of the evaluations (e.g., including the re-
sults of the various classification schemes) are avail-
able in an easy to parse JSON format.

Different annotation styles, in contrast, can be ad-
dressed by using lenses. The simple fact that a NEL
tool can lean heavily towards one or more annotation
styles means that it might be severely penalized when
the gold standard was created using a different anno-
tation style. Lenses are capable of bridging these dif-
ferences and, therefore, provide much more nuanced
results.

KG evolution is another serious issue which can be
addressed with Orbis lenses since they otherwise have
a significant impact on the evaluation result. Exper-
iments suggest that researchers who change annota-
tion styles or scoring rules need to properly document
these changes and to publish the refined gold stan-
dard together with the evaluation results in order to en-
sure reproducibility. If the evaluation considers mul-
tiple lenses, researchers will be rewarded with more
comprehensive results that also reflect how the annota-
tors perform in different settings.

7. Conclusion

This paper described Orbis, an explainable frame-
work for performing evaluations of information ex-
traction tasks such as content extraction, named entity
recognition, named entity linking and slot filling. Or-
bis visualizes evaluation results enabling system devel-
opers to quickly inspect and better understand errors.
In contrast to other evaluation tools which often only
consider one evaluation task and are frequently limited
to aggregated metrics or very rudimentary information
on linking errors, Orbis supports multiple tasks along
the information extraction pipeline, displays gold stan-
dard and the annotators output within their textual con-
text, provides information on all linked entities and
means to obtain further background information and
error analysis on these entities. As opposed to clas-
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sic content extraction tools which used visualization to
showcase the text-rich regions, for example, Orbis also
provides visualizations for the extracted content, al-
lowing developers to understand where mistakes may
have originated.

The visualizations allow researchers to quickly
compare the performance of two systems with each
other and the gold standard. This evaluation mode is
particularly useful in assessing the effects of architec-
tural changes and in evaluating the strengths and weak-
nesses of different IE systems.

As outlined through the presented use cases, Orbis
significantly lowers the effort required to perform drill-
down analysis which in turn enable researchers to lo-
cate a problem in algorithms, machine learning com-
ponents, gold standards and data sources more quickly,
leading to a more efficient allocation of research efforts
and developer resources.

Since Orbis is a flexible framework and offers an af-
fordable option for building new evaluation use cases,
it can easily be argued that it is in fact a framework de-
signed to help build evaluation infrastructure. The fo-
cus on multiple steps of the IE pipeline, and the sup-
port for lenses and on understanding the variation in re-
sults caused by the different annotation styles, KGs or
entity classification schemes differentiates Orbis from
the rest of the available benchmarking tools.

Future work will be focused on (i) integrating statis-
tical significance tests such as the Wilcoxon Rank Sum
test into the Orbis platform; (ii) creating plugins for
tracking and publishing evaluation results; (iii) devel-
oping support for additional evaluation types, as well
as for other tasks like sentiment analysis, relation ex-
traction; and (iv) developing Orbis into a full-fledged
benchmarking solution that supports the whole evalu-
ation process, from creating annotations and lenses to
reproducible workflows and visual error analysis.
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