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Abstract

This paper describes the NTCIR-18 SUSHI Pilot Task. The task
included two subtasks: folder search and archival reference detec-
tion. Details are presented for each subtask on the design of the
test collection, the runs submitted by participating teams, and the
evaluation results for those submitted runs.
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1 Introduction

This paper describes the NTCIR-18 Searching Unseen Sources for
Historical Information (SUSHI) pilot task. The broad goal of SUSHI
is to support the development and evaluation of new technology to
improve access to the vast quantities of undigitized materials that
are held by archival institutions worldwide. The NTCIR-18 SUSHI
pilot task includes two subtasks: (1) Subtask A for folder ranking,
and (2) Subtask B for Archival Reference Detection. We address
each in turn.

2 Subtask A: Folder Ranking

The test collection for Subtask A consists of a set of 31,681 PDF
documents from the United States (U.S.) National Archives and
Records Administration (NARA). These documents were originally
created by the U.S. State Department in the 1960’s and early 1970’s,
and they were subsequently digitized as part of a collaborative
project between NARA and the Brown University Library. At NARA,
each document was stored in some folder, and each folder was
stored in some box. There are a total of 1,336 folders, and a total of
126 boxes.

To examine documents that have not yet been digitized, a user
must travel to NARA, request that a specific box be brought to them
in NARA’s public reading room from that box’s shelf location in
NARA’s closed stacks to them in the public reading room, and then
examine some or all of the documents in some or all of the folders
in that box. Just ordering and examining a box can easily take half
a day. The goal of SUSHI Subtask A is to build systems that can,
after being given a text query, tell a user which box to order, and
which folder in that box to examine. Participating systems do this
by producing a ranked list of folders that they expect will contain
documents that the searcher would want to see.

Because our focus is on searching for undigitized content, in
SUSHI Subtask A we simulate a condition in which most of the
documents in the collection are not yet digitized. We do this by
selecting a small sample that systems can treat as digitized, and then
requiring that systems treat all other documents in the collection as

undigitized. For the NTCIR-18 SUSHI Pilot Task, that small sample
contains 5 documents from each of the 126 boxes, for a total of 630
digitized documents.

We start by providing details on the test collection, followed by
details on how we encode the results of the the sampling process for
use by participating systems (we call this encoding an Experiment
Control File). We then describe of the evaluation measures used
in the task, along with some remarks on the intended use of each
measure. With that as background, we then present the details of
the dry run task, which served both to help uncover any unspecified
details in Subtask A, and which had the side effect of also producing
training data that participants in Subtask A could used to perform
formative evaluation during system development. We follow this
by a description of our topic development process for use in the
final official evaluation, after which we briefly describe the runs
that were received from participating systems (these are referred
to at NTCIR as “formal” system runs, to distinguish them from
the earlier dry run submissions). We then describe the process by
which we created relevance judgments, and we follow that with a
summary of the results achieved by each participating system.

2.1 The Subtask A Collection

Fundamentally the Subtask A collection contains four kinds of
features that a system might use:

Folder Labels. Each folder has a label, which generally in-
cludes a State Department Subject-Numeric Code (SNC)
and a date. The date indicates the month and year (and
sometimes the day) on which the folder first began collect-
ing documents. Digital metadata is available for each folder
label in the collection, and a translation table for converting
SNC to text is included with the collection.

Document Images. Although document images exist for al-
most every document in the collection, systems may use
only the images for the small sample of those documents
specified in the Experiment Control File (see Section 2.2,
below). Optical Character Recognition (OCR) has been per-
formed on the document images, almost always with AB-
BYY FineReader, which was among the best available OCR
systems at the time the document images were created. The
document images and OCR are packaged together in PDF
files (this form of PDF is referred to by Adobe as “search-
able” PDF, because the OCR can be used to find the location
of specific strings in the document images.

Document Metadata. Although digital metadata exists for
almost every document in the collection, systems may use
document metadata only for the documents whose use is
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allowed by the Experiment Control File (i.e., the same doc-
uments for which the use of document images is allowed).
There is quite a wide range of document metadata available,
but the most notable document metadata is a document title.
This title was created by archivists, and the title is not neces-
sarily present in the document. Most documents also have
date metadata (reflecting the document’s creation date),
and some documents have an SNC.

Physical Location. The documents are stored in folders, the
folders are stored in boxes, and the boxes are stored in on
shelves. These relationships are recorded as digital meta-
data. Systems may use the folder-box relations for all folders
in all boxes, but they may only use the document-folder
relation for documents whose use is allowed by the Ex-
periment Control File. Storage relationships for boxes are
encoded using sequences of box numbers, so as a made up
example, box N1221 precedes box N1222, and box N1545
is quite distant from box N1221. There is no sequence in-
formation available in digital form for documents within a
folder or for folders within a box.

Additional details on the collection can be found in the Subtask
A guidelines on the NTCIR-18 SUSHI Pilot Task website.! Earlier
versions of this collection have been used in published work [4, 8].
For the NTCIR-18 SUSHI pilot task, some additional PDF files and
some additional metadata have been added that were not used in
that earlier work.

2.2 Experiment Control Files

A typical ranked retrieval evaluation at NTCIR, CLEF or TREC
would provide participating teams with a set of topic descriptions,
each of which includes a Title field (a short web-like query), a De-
scription field (a sentence or so that expresses the information need
succinctly), and a Narrative field (a short paragraph that provides
further details as the basis for relevance assessment) [6]. For Subtask
A, we also need to specify which documents (i.e., document images
and document metadata) are in the small sample that systems can
make use of (we call these “training documents”).

Because training a system can be much more expensive than
searching with that system, we expected that participating teams
would prefer to train a system once and then use that trained system
to generate ranked lists for several topics. We therefore packaged
one set of training data with several topics; we call such a package
an “experiment set” Because the results might depend to some
degree on which documents were in the training set, a full Subtask
A run includes several experiment sets, each with a different set
of training documents. For the NTCIR-18 SUSHI Pilot Task, topics
were not duplicated across experiment sets.

A full experiment is thus a set of experiment sets. An “Experi-
ment Control File” (ECF) is used to specify that set of experiment
sets. The ECF is distributed as a JSON object. Systems are expected
to read an ECF and then write a set of ranked lists, which we call a
run, in a standard format (we used the same standard format for
runs as in TREC). Additional details on the format of an ECF can
be found in the Subtask A guidelines on the SUSHI website.

https://sites.google.com/view/ntcir-sushi-task/
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2.3 Evaluation Measures

We report four types of evaluation measures for each run. All mea-
sures are reported principally as averages across the full topic set
(i-e., across every topic in the ECF, regardless of which experiment
set each topic is in) on the ranked list of folders for each topic.?

nDCG@5. normalized Discounted Cumulative Gain at cutoff
5 (nDCG@5) is the primary evaluation measure for Subtask
A. Tts design reflects an assumption that a searcher has
time to examine no more that five folders, and that the
searcher prefers to see the most highly relevant folders
first when working down from the top of the ranked list.
Only nDCG@5 makes use of graded relevance; all other
measures use binary relevance.

MAP. Mean Average Precision (MAP) has no cutoff. Its design
reflects an assumption that the searcher wishes to find some
(unknown) number of relevant folders, and that they prefer
to achieve this while looking at the smallest number of
folders when working down from the top of the ranked list.

MRR. Mean Reciprocal Rank (MRR) also has no cutoff. Its
design reflects an assumption that the searcher wishes to
find any one relevant folder, and that they prefer that the
first relevant folder be as close to the top of the ranked list
as is possible.

S@1. Success at 1 (S@1) assumes that the searcher will exam-
ine only the top-ranked folder. If it is relevant they will be
fully satisfied. If not, they will be completely dissatisfied.

In addition to computing these measures on folders, we also
compute the same measures on ranked lists of boxes. To do so, we
map every Folder ID in a run to the Box ID of the box containing
that folder, and then we remove duplicates from the top down in
each ranked list in that run. We then evaluate using box grels rather
than box qrels.

All of our computations for evaluation are performed using the
python version Terrier’s implementation of the trec_eval evaluation
script, with Terrier’s default settings for the nDCG@5 discount rate.

2.4 The Dry Run

For the dry run we didn’t yet have any topics developed, so instead
we used document titles (from the document metadata) as substi-
tutes for the short “Title” queries. This idea has been tried twice
before with smaller collections from the same source [4, 8], in a
known-item retrieval setting (i.e., the item from which the title had
been taken was known to be relevant, and all other documents are
assumed not to be relevant). We improved over that prior practice in
three ways. First, we considered only relatively short titles of 2, 3, 4,
or 5 words; in prior work the length had not been limited, and there
were some quite long titles. Second, we asked two assessors (the
last two authors of this paper) to examine the titles and select 200
(50 of each length) that looked to them like queries that someone
might realistically issue. They had to look at about 400 titles to find
200 good queries. Third, we treated not just the original document
from which the title had been obtained as relevant, but any other
document in the collection with the same title (in its document

2For reasons of convention, two of the measures include “mean” in their name, but all
are actually normally reported as means across the topic set. The only exception is
nDCG@5, which we also report on a per-topic basis.


https://sites.google.com/view/ntcir-sushi-task/

NTCIR-18: Proceedings of the 18th NTCIR Conference on Evaluation ofInformation Access Technologies, June 10-13, 2025, Tokyo, Japan

metadata). Earlier work had used only MRR and S@1 as evaluation
measures, but once multiple relevant documents were possible all
four of our evaluation measures became potentially insightful.

We then created an ECF with two experiment sets, each with
100 topics. We replicated the document title in all three topic fields,
just so that code that used any topic field(s) could be tested. We
selected five documents from every box as the training documents
in each experiment set. This approach had been used previously
with random selection for experiments in which searching for boxes
was the goal [4, 8], but because our goal was to evaluate systems
that would rank folders rather than boxes we chose to select one
training document from each of the five largest folders in a box.?
We were careful not to select as training documents any of the 100
seed documents from which the topics in that same experiment set
had been constructed, but otherwise the selections within a folder
were random.

We later learned that consistently selecting folders from the
largest five folders in each box had two undesirable side effects.
First, the folders from which the training documents had been se-
lected were (by construction) identical in both experiment set. This
resulted in less diversity than we would have expected to see in
practice, so when we created ECF for the final evaluation (which
had human-created topics, see Section 2.5 below) we handled this
differently. Second, our choice of the largest folders risked bias-
ing systems towards larger folders. That might seem like a useful
heuristic (since folders with more documents would have a higher
chance of having a relevant document, all else equal), but we had
explicitly prohibited systems from using full-collection document
metadata (because in practice document metadata is typically only
created when documents are digitized, and we were simulating
most of the collection being undigitized). So this essentially leaked
some potentially useful, but prohibited, data.

We distributed the ECF for the Dry Run test collection on the
SUSHI website, along with python code to create a Terrier baseline
run for that collection. Our intent in sharing that code was to
simplify the task of managing the rather complex ECF and metadata
files in ways that complied with all requirements of Subtask A. A
participating team could then simply rip out the Terrier code and
add their own code for indexing and search and they would have
a dry run submission. The code we distributed also included code
and qrels for scoring the resulting runs by all four measures for
either folders or boxes.

Dry Run submissions were due on August 31, 2024. No submis-
sions were received, but all three participating teams in the final
evaluation did make use of the dry run test collection to tune their
systems for that final evaluation.

2.5 Topic Development

Topic development was performed by seven people, including the
first four authors of this paper. Topic developers used an early
version of the relevance assessment system (see Section 2.7, below)
to explore the content of the collection and to iteratively refine a
topic to have not too few and not too many relevant documents (i.e.,
so-called “Goldilocks” topics). We sought to avoid topics with very

31f there were fewer than five folders in a box, we used a round-robin strategy to rotate
between the folders from which we selected training documents.
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Title: Marijuana consumption

Description: I want to find documents about marijuana
consumption in Brazil.

Narrative: Marijuana, known also as "cannabis, pot,"
and "weed," is a psychoactive drug made from the cannabis
plant that is used for medical and recreational purposes.
Any relevant documents would describe the creation,
distribution, and consumption of marijuana in Brazil,
social attitudes regarding its use, and legal restriction
and/or prohibition of its trade and consumption.

Figure 1: An example Subtask A topic (Topic 9).

few relevant documents because our nDCG@5 and MAP evaluation
measures exhibit higher quantization noise with very few relevant
documents, thus making it harder to measure statistically significant
differences. We sought to avoid topics with very many relevant
documents because our use of search-guided assessment, without
pooled assessment, was based on an assumption that almost all of
the relevant documents could be found by assessors, and the cost
in assessor time to find a very large number of relevant documents
would simply be too high for our time and budget constraints. Other
types of topics are, of course, also important in practice, but they
would not be compatible with our approach to evaluation.

Assessors created Title, Description and Narrative fields for each
topic, some which were then edited for clarity by the second author
of this paper. Figure 1 shows an example. Overall, our assessment
is that the Description fields are less different from the Title fields
than is typical for earlier NTCIR, CLEF and TREC evaluations, but
that the Narrative fields are considerably richer than is typical at
NTCIR, CLEF and TREC.

We somewhat overgenerated topics and then removed a few
(generally for having too many relevant documents), ultimately
settling on a topic set with 45 topics. We then created an ECF with
three experiment sets, each of which included a disjoint set of 15
of our 45 topics. We then selected training documents for each
experiment set, again with five documents per box, but this time by
randomly selecting a folder from a box and then randomly selecting
a document from a folder. We did this random selection without
replacement for both folders* and documents, so as to maximize the
coverage of the training set. We did not exclude relevant documents
from the training set because relevance judgments were performed
after the final ECF was distributed to participating teams, so it is
possible (although rather unlikely) that a training document might
be relevant to some topic in its experiment set.

2.6 Submissions and Baseline Runs

We received a total of 37 Subtask A runs from 3 participating
teams [2, 5, 9]. All of the received runs were automatic, meaning
that there was no human intervention (such as interactive rele-
vance feedback, or improvements to handle certain types of topics)
after the creator of the system that created the runs first examined
the topics. Table 1 shows the submission statistics by participating
team. We note that both the Kyushu University team [9] and the

4Unless there were fewer than 5 folders in a box, in which case we again did round-
robin selection, but this time in a randomized initial order
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Table 1: Subtask A runs.

Organization Run Name Prefix | Runs
Kyushu University (Japan) QshuNLP 1
University of Maryland (USA) UMCP 25
University of Tsukuba (Japan) KASYS 8
Organizers’ Baselines TerrierBaseline 3

University of Maryland team [5] included task organizers. Their
systems were designed and run using only information that was
available to all participants, but as organizers they did make conse-
quential choices (such as how the samples in the final Experiment
Control File were drawn), and they were thus aware of the rationale
and the details of such choices.

The organizers also contributed 3 baseline runs. These three
baseline runs were created by using the BM-25 implementation
in Terrier to rank only the training documents in an experiment
set for each topic in that experiment set, based on an index con-
taining the document title, OCR text and folder label (the folder
label would be the same for any training documents that were
in the same folder). The code used to create this run was the
same as the baseline system that had been made available to par-
ticipants prior to the dry run. That code included folder label
mappings to convert Subject-Numeric Codes from some of the
folder labels (NARA folder labels, and short Brown folder labels
that contained fewer than 20 characters) to text. The only change
made to that code was to create three result sets, one for Title
queries (T), one for Title+Description queries (TD), and one for
Title+Description+Narrative queries (TDN). Rather than returning
document ID’s, Terrier was configured to return the folder ID for
the folder containing a document. Duplicate folder ID’s were then
removed, working down from the top of the list, and the resulting
ranked list of folders submitted as a baseline result.

2.7 Relevance Assessment

Three assessors created relevance judgments for the 45 topics. All
three were graduate students (one Ph.D. student, two Masters stu-
dents) enrolled in a library science degree program. Two are native
speakers of English, the third is fluent in English. They used a
search-guided relevance assessment process [1] in which they first
judged the documents that had been identified during topic devel-
opment as worthy of examination, and then they performed several
searches using queries of their own design that were based on their
understanding of the topics from the full topic description. The
goal of this process was to find as many documents as possible. No
use was made of system runs in prioritizing documents for rele-
vance assessment (i.e., pooled assessment was not used) because
systems submitted ranked lists of folders, whereas assessors created
relevance judgments for individual documents.

When possible, relevance assessment was performed by the per-
son who had done topic development; this happened for 22 of the
45 topics.” After training over Zoom, assessors worked remotely,
using a web browser to connect to the relevance assessment system
shown in Figure 2, which was created by the first and third authors

5Topics 4,6,7,8,9,10, 12, 13, 18, 20, 22, 23, 24, 25, 28, 33, 34, 35, 36, 41, 42, 43.
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User Name: sbhardw? | Topic: Gemini 10 spaceflight

Search: | Gemini X ‘Chonse Dataset: | Tile + OCR text + Folder label m
Load Prior Judgements

Rank | Rocument iy, Folder Box  Folder Label Relevance Judgement

Changes in Tariff and Trade
Restrictions: Proposed Alteration in
Customs Tarift

2 $09061.pdf B99990027 BO013  FT Foreign Trade (General) NA

Not Relevant

Press Coverage of Management Somewhat Relevant

Reform in the Department

3 524843 pdf E99990007 E0020 ORG 2 Gen. Reports & Stats (2)

Relevant

Highly Relevant

4 $40193pdf O Estado Warns Lacerda N23812022 N1934  POLITICAL PARTIES System Error

Figure 2: Relevance assessment system.

of this paper. That system allowed the assessors to issue queries,
select which of three metadata or content field(s) to search, see a
ranked list of document titles (along with the label of the folder
containing that document), and select and view individual PDF doc-
uments. Within-document search for any term was also available.
The documents that had been identified as worthy of examination
during topic development could also be displayed as an unranked
list using the “Load Prior Judgments” button.

Assessors recorded graded relevance judgments as Highly Rel-
evant, Relevant, Somewhat Relevant or Not Relevant. They did
this using per-document pull-down lists, as shown for the first
document on the right side of Figure 2. Assessors were asked to
find all of the documents that were relevant to any degree to the
topic being judged, and to also record judgments of Not Relevant
for a reasonable number of documents (which we interpreted as
being about 50 documents, although the number of not relevant
judgments varies considerably by topic). In our evaluation we treat
all unjudged documents as Not Relevant, so we do not use these
explicit Not Relevant judgments in our evaluation. They were col-
lected because we expect that they might be useful in the future
for contrastive learning or for calculating evaluation measures that
treat documents that were judged as Not Relevant differently from
unjudged documents.

We performed three mappings to get to the “qrels” files that we
used to compute system scores. First, we assigned an integer score
(a qrel value) to each relevance judgment as follows: highly rele-
vant=3, relevant=1, somewhat relevant=0, not relevant=0. We then
assigned each folder that contained one or more judged documents
the maximum numeric qrel value for any document in that folder.
We then assigned each box the maximum numeric qrel value for
any folder in that box. Three of our evaluation measures require
binary relevance judgments; for those measures our evaluation
code implicitly maps qrel values of 3 to 1, and leaves other qrel
values unchanged.

The net result of this process was three grels files, one each
for documents, folders, and boxes.® All three sets are incomplete
(because assessors may have assessed no document in some box
or some folder). On average per topic there were 75.4 documents

®The story here is slightly simplified, in that the documents grels file actually contains
the unmapped original judgments on a scale of 1 (not relevant) to 4 (highly relevant).
This unmapped version was created to support future use of the collection; we do not
compute evaluation measures using the document qrels file.
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judged, 37.0 folders with grels, and 25.9 boxes with qrels.” Our
evaluation code treats things that are not in a qrels file as if they
had a grel value of 0. The contributions of the three assessors to the
final judgment file were well balanced, with Assessor A1 making
the judgments for 18 topics in the final official qrels file,® A2 making
the judgments for 15 topics,” and A3 making the judgments for 12
topics.1°

Nine topics were subsequently assessed by a second assessor.
We stratified our sample for this dual assessment process to include
three topics for each assessor pairing. Using an example from Ta-
ble 2, we can see that Assessor 1’s judgments for topic 23 would
have resulted in 7 folders with qrel values of 1 or 3, and using
Assessor 3’s judgments also would have resulted in 7 folders with
qrel values of 1 or 3. However, only 5 of these judgments of 1 or
3 were for the same folder, and only 4 of those five folders had
exactly the same qrel value (i.e., either both 1 or both 3). Looking
at the full set of 9 dual assessed topics, we see folder-level agree-
ment patterns that seem to us to be well within the usual range of
document-level) agreement that is typically seen in NTCIR, CLEF
and TREC evaluations [10]. Moreover, we see no systematic differ-
ences that might cause us any concern regarding assessor training
or diligence. The observed differences could, for example, easily
result from differences in assessor decisions regarding issues that
are not fully specified in the topic description. Moreover, looking
in detail at cases in which one assessor’s judgments produced a
folder qgrel of 3 and the other’s produced a folder qrel of 1, we found
no pattern in which assessor was more strict or more generous,
indicating that the relevance assessments of individual assessors
did not seem to be markedly different. We thus believe the resulting
folder qrels to be useful for our intended purpose of evaluating
folder ranking,!?

Our initial goal for doing dual assessment had been to character-
ize the degree of agreement on relevance between annotators, but
we found that we were also able to use the results of that dual anno-
tation to detect cases in which different choices made by different
annotators might have caused one to find a relevant document that
the other had missed. In this way, we could get some indication
of how comprehensive the search process had been. As the “Both
Judged” column in Table 2 shows, 8 of the 9 folders that one asses-
sor’s judgments gave a 1 or a 3 to were judged by the other assessor.
Looking at the fraction of the Union that was Both Judged over all 9
topics leads us to conclude that it was rare for one Assessor to find
a relevant document that the other assessor had missed.!3 Hence,
we believe that the relevance judgments are sufficiently complete
for our intended purpose of evaluating folder ranking.

Another way to characterize the completeness of the relevance
judgments would be to calculate the fraction of the top-5 folders for
each run for which a relevance judgment for at least one document

11

"These counts include folders or boxes with any grel value, including 0.

8 Assessor Al judged topics 1, 2, 3, 11, 14, 16, 19, 26, 27, 29, 30, 31, 32, 37, 38, 40, 44, 45.
9 Assessor A2 judged topics 4, 6, 7, 8, 15, 17, 18, 20, 21, 22, 33, 34, 35, 36, 39.

10 Assessor A3 judged topics 5, 9, 10, 12, 13, 23, 24, 25, 28, 41, 42, 43.

The official qrels used in the evaluation were built from the first set of relevance
judgments that were completed for each of the dual-assessed topics.

12We note, however, that our analysis of assessor agreement was conducted only on
folder grels, and that additional difference in detail may be present in the document-
level relevance judgments from which those folder qrels were constructed.

3More precisely, we conclude that it is rare for this to happen in a way that changes
the folder qgrels after the two mappings that are needed to create folder grels.
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Table 2: Subtask A folder qrels positive agreement. All counts
except Exact Agree are for binarized qrels. Number of posi-
tive judgments for an assessor in italics indicates those are
used in the test collection; underline indicates the assessor
was the topic developer.

Both | Binary Exact
Topic | A1 A2 A3 | Union Judged | Agree Agree
1 13 8 16 11 5 2
5 36 26 39 35 23 17
14 2 2 2 2 2 1
15 30 32 17 5 2
23 7 7 9 8 5 4
29 12 15 21 18 6 4
36 9 25 26 19 8 3
38 8 4 7 4 3
39 2 2 2 2 2 1

is available. If that “pool completeness” number were high, then
we would know that the assessors had seen and judged at least one
document in most of the highly ranked folders that had contributed
to the nDCG@5 computation. If pool completeness were low, we
might expect that guiding the assessor to judge at least some docu-
ments from highly ranked but unjudged folders could have been
useful. We have not yet performed that analysis, but we expect to
do so before the NTCIR conference and we will report the results
of that analysis there.

2.8 Results

Table 3 summarizes the folder ranking results for the four evaluation
measures, and Table 4 does the same for box ranking. Each table is
sorted in decreasing order of nDCG@5 for each query type (TDN,
TD, T, or D). Note, however, that with 45 topics the confidence
intervals on nDCG@5 are rather wide, so at least the top half of the
runs for each query type would not be statistically distinguishable
using a population test. Paired tests (pairing on topic) could be used
to better distinguish systems, but we have not yet performed that
analysis.

Comparing across query types using Folder nDCG@5, we see
that among the best runs TDN>TD>T, although the measured
differences are smaller than the confidence intervals so this pattern
is at best suggestive. As Table 5 shows, participating systems found
some topics to be easier than others. The topics in that table are
sorted from easiest to hardest, as measured by the average across
all participating systems of the per-topic nDCG@5. As can be seen,
most systems were able to place some relevant folder somewhere
in the top five ranks for 21 of the 45 topics. For another 13 topics, at
least one system managed to get at least relevant folder somewhere
in the top five.'* No system found any relevant folder for any of
the remaining 11 topics.

4However, for two of those topics (Topics 12 and 40) we can’t reject the hypothesis
that the single system that found a relevant folder did so by blind luck. Making an
(unjustified) independence assumption, with 37 systems, each with 5 top ranks, random
selection among 1,336 folders would yield a 14% chance of getting any one folder into
some system’s top five.
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Table 3: Subtask A folder ranking results, with 95% confidence intervals.

Run Query | nDCG@5 + | MAP + | MRR = S@1 +

UMCP-TDN-TOFS-L2-CF | TDN 0.229 0.08 | 0.165 0.06 | 0.490 0.13 | 0.400 0.14
UMCP-TDN-TOFS-L2 TDN 0.214 0.08 | 0.143 0.06 | 0.462 0.14 | 0.400 0.14
UMCP-TDN-TOFS-U2-CF | TDN 0.210 0.07 | 0.159 0.06 | 0.446 0.12 | 0.333 0.14
KASYS-1 TDN 0.203 0.08 | 0.129 0.06 | 0.417 0.13 | 0.356 0.14
TerrierBaseline-TDN TDN 0.203 0.08 | 0.132 0.06 | 0.417 0.13 | 0.333 0.14
UMCP-TDN-O-B TDN 0.200 0.08 | 0.131 0.07 | 0.425 0.14 | 0.378 0.14
UMCP-TDN-S-B TDN 0.188 0.08 | 0.130 0.07 | 0.419 0.14 | 0.400 0.14
UMCP-TDN-T-B TDN 0.183 0.08 | 0.097 0.06 | 0.339 0.13 | 0.289 0.13
UMCP-ColBERT-TDN TDN 0.173 0.08 | 0.103 0.06 | 0.313 0.12 | 0.244 0.13
KASYS-5 TDN 0.131 0.07 | 0.094 0.06 | 0.272 0.11 | 0.178 0.11
KASYS-4 TDN 0.120 0.07 | 0.102 0.06 | 0.264 0.11 | 0.178 0.11
KASYS-8 TDN 0.120 0.07 | 0.102 0.06 | 0.264 0.11 | 0.178 0.11
KASYS-3 TDN 0.081 0.06 | 0.082 0.05 | 0.165 0.08 | 0.067 0.07
KASYS-7 TDN 0.081 0.06 | 0.082 0.05 | 0.165 0.08 | 0.067 0.07
KASYS-2 TDN 0.059 0.05 | 0.073 0.05 | 0.140 0.07 | 0.067 0.07
KASYS-6 TDN 0.059 0.05 | 0.073 0.05 | 0.140 0.07 | 0.067 0.07
UMCP-TDN-F-B TDN 0.059 0.04 | 0.036 0.02 | 0.173 0.09 | 0.089 0.08
UMCP-TD-TOFS-L2-CF TD 0.228 0.08 | 0.151 0.06 | 0.434 0.13 | 0.333 0.14
UMCP-TD-TOFS-L2 TD 0.213 0.08 | 0.129 0.06 | 0.412 0.13 | 0.333 0.14
UMCP-TD-TOFS-U2-CF TD 0.212 0.08 | 0.153 0.06 | 0.428 0.13 | 0.333 0.14
TerrierBaseline-TD TD 0.197 0.08 | 0.122 0.06 | 0.384 0.13 | 0.289 0.13
UMCP-ColBERT-TD TD 0.183 0.08 | 0.116 0.06 | 0.347 0.11 | 0.222 0.12
UMCP-TD-O-B TD 0.183 0.08 | 0.117 0.06 | 0.378 0.13 | 0.311 0.14
UMCP-TD-S-B TD 0.180 0.08 | 0.119 0.07 | 0.377 0.14 | 0.333 0.14
UMCP-TD-T-B TD 0.160 0.08 | 0.088 0.06 | 0.297 0.12 | 0.222 0.12
UMCP-TD-F-B TD 0.048 0.03 | 0.021 0.02 | 0.135 0.09 | 0.093 0.09
UMCP-T-TOFS-L2-CF T 0.226 0.08 | 0.150 0.06 | 0.455 0.13 | 0.378 0.14
UMCP-T-TOFS-L2 T 0.211 0.08 | 0.128 0.06 | 0.416 0.14 | 0.356 0.14
UMCP-T-TOFS-U2-CF T 0.210 0.08 | 0.152 0.06 | 0.432 0.13 | 0.333 0.14
TerrierBaseline-T T 0.204 0.08 | 0.125 0.06 | 0.41 0.13 | 0.333 0.14
UMCP-T-O-B T 0.191 0.08 | 0.119 0.06 | 0.398 0.14 | 0.356 0.14
UMCP-ColBERT-T T 0.185 0.08 | 0.113 0.06 | 0.377 0.13 | 0.311 0.14
UMCP-T-S-B T 0.180 0.08 | 0.116 0.07 | 0.384 0.14 | 0.364 0.14
UMCP-T-T-B T 0.178 0.09 | 0.099 0.07 | 0.337 0.14 | 0.282 0.14
QshuNLP-GPT-1 T 0.126 0.06 | 0.105 0.06 | 0.267 0.11 | 0.200 0.12
UMCP-T-F-B T 0.072 0.05 | 0.031 0.02 | 0.213 0.14 | 0.179 0.14
UMCP-ColBERT-D D 0.163 0.07 | 0.096 0.05 | 0.327 0.12 | 0.267 0.13

Counts for Highly Relevant (qrel=3) and Relevant (qrel=1) folders
are shown at the top of Table 5, and corresponding counts for boxes
are shown at the bottom of that table. Notably, every topic has at
least one Highly Relevant or Relevant folder (and thus at least one
Highly Relevant or Relevant box) that could have been found by
participating systems. We see no pattern in those counts that would
explain topic difficulty. For example, we Topics 16 and 28 each have
just one Highly Relevant folder, and most systems were perfect
(i.e., ranking that folder first) on both of those topics. However,
topic 26 also has just one Highly Relevant folder, and Topic 43
has just one Relevant Folder, and but no system ranked the single
Highly Relevant or Relevant folder in the top 5 for either of those
topics. The existence of relatively large numbers relevant folders
is similarly uninformative, as can be seen by comparing topic 44,
where systems did fairly well with topic 13 where systems did

quite badly. From this we conclude that it is not just the number of
relevant folders that determines whether a topic is easy or hard, at
least when the determination of what is easy and what is hard is
made using our 37 participating systems.

We also checked for an assessor effect, but found no clear pattern.
For example, the top 22 of the 45 topics (when ordered by per-topic
nDCG@5) included about half from each assessor (A1: 8/18, A2:
10/15, A3: 4/12); all of those numbers are within two of half, and
a chi-squared test can not reject the possibility that the observed
variation in those proportions results from chance.

So what is it that makes a topic easy or hard? One obvious
possibility is that the training set of five digitized documents per
box might be more useful for some topics than for others. A second
possibility might be that the easier or harder topics could share
some characteristic that we have not yet looked at (such as the
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Table 4: Subtask A box ranking results, with 95% confidence intervals.

Run Query | nDCG@5 + | MAP + | MRR = S@1 +
UMCP-TDN-TOFS-L2-CF | TDN 0.306 0.08 | 0.300 0.07 | 0.603 0.12 | 0.489 0.15
UMCP-TDN-TOFS-U2-CF | TDN 0.298 0.08 | 0.291 0.07 | 0.536 0.12 | 0.378 0.14

UMCP-TDN-TOFS-L2 TDN 0.297 0.09 | 0.270 0.07 | 0.572 0.13 | 0.467 0.15
TerrierBaseline-TDN TDN 0.266 0.08 | 0.250 0.07 | 0.526 0.13 | 0.422 0.15
KASYS-1 TDN 0.261 0.08 | 0.228 0.06 | 0.500 0.12 | 0.378 0.14
UMCP-TDN-O-B TDN 0.253 0.09 | 0.240 0.07 | 0.520 0.13 | 0.444 0.15
UMCP-ColBERT-TDN TDN 0.248 0.09 | 0.217 0.08 | 0.430 0.11 | 0.289 0.13
UMCP-TDN-S-B TDN 0.243 0.09 | 0.239 0.07 | 0.503 0.13 | 0.444 0.15
UMCP-TDN-T-B TDN 0.237 0.09 | 0.188 0.07 | 0.474 0.13 | 0.378 0.14
KASYS-5 TDN 0.226 0.08 | 0.198 0.06 | 0.372 0.10 | 0.200 0.12
KASYS-4 TDN 0.199 0.08 | 0.224 0.07 | 0.369 0.11 | 0.222 0.12
KASYS-8 TDN 0.199 0.08 | 0.224 0.07 | 0.369 0.11 | 0.222 0.12
UMCP-TDN-F-B TDN 0.148 0.06 | 0.142 0.05 | 0.313 0.10 | 0.156 0.11
KASYS-3 TDN 0.113 0.06 | 0.171 0.05 | 0.220 0.07 | 0.067 0.07
KASYS-7 TDN 0.113 0.06 | 0.171 0.05 | 0.220 0.07 | 0.067 0.07
KASYS-2 TDN 0.072 0.05 | 0.159 0.05 | 0.200 0.07 | 0.067 0.07
KASYS-6 TDN 0.072 0.05 | 0.159 0.05 | 0.200 0.07 | 0.067 0.07
UMCP-TD-TOFS-L2-CF TD 0.308 0.09 | 0.281 0.07 | 0.546 0.12 | 0.422 0.15
UMCP-TD-TOFS-U2-CF TD 0.283 0.08 | 0.270 0.07 | 0.514 0.12 | 0.378 0.14
UMCP-ColBERT-TD TD 0.261 0.08 | 0.219 0.07 | 0.503 0.12 | 0.378 0.14
UMCP-TD-TOFS-L2 TD 0.255 0.09 | 0.243 0.07 | 0.526 0.13 | 0.422 0.15
UMCP-TD-S-B TD 0.239 0.09 | 0.214 0.07 | 0.469 0.13 | 0.400 0.14
TerrierBaseline-TD TD 0.233 0.08 | 0.218 0.07 | 0.473 0.12 | 0.356 0.14
UMCP-TD-0O-B TD 0.211 0.08 | 0.203 0.07 | 0.465 0.13 | 0.378 0.14
UMCP-TD-T-B TD 0.207 0.08 | 0.156 0.07 | 0.415 0.12 | 0.311 0.14
UMCP-TD-F-B TD 0.109 0.06 | 0.078 0.05 | 0.213 0.10 | 0.116 0.10
UMCP-T-TOFS-L2-CF T 0.287 0.08 | 0.265 0.07 | 0.548 0.13 | 0.467 0.15
UMCP-T-TOFS-U2-CF T 0.279 0.08 | 0.261 0.07 | 0.512 0.12 | 0.378 0.14
QshuNLP-GPT-1 T 0.262 0.09 | 0.233 0.08 | 0.440 0.12 | 0.333 0.14
UMCP-T-TOFS-L2 T 0.254 0.09 | 0.208 0.07 | 0.504 0.13 | 0.422 0.15
UMCP-ColBERT-T T 0.249 0.08 | 0.211 0.07 | 0.485 0.12 | 0.356 0.14
TerrierBaseline-T T 0.240 0.08 | 0.192 0.07 | 0.490 0.13 | 0.400 0.14
UMCP-T-S-B T 0.235 0.09 | 0.172 0.07 | 0.463 0.14 | 0.409 0.15
UMCP-T-T-B T 0.232 0.09 | 0.157 0.08 | 0.460 0.15 | 0.410 0.16
UMCP-T-O-B T 0.223 0.08 | 0.175 0.07 | 0.481 0.14 | 0.422 0.15
UMCP-T-F-B T 0.140 0.08 | 0.086 0.05 | 0.278 0.14 | 0.179 0.14
UMCP-ColBERT-D D 0.235 0.08 | 0.185 0.06 | 0.486 0.13 | 0.378 0.14

use of highly distinguishing proper names). Further analysis might
suggest other possibilities as well.
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2.9 Making Sense of the Results

Putting all of these results together, we can explain the behavior
of these search systems in this way. Imagine that a searcher comes
to an archive that has digitized five documents from every box
and that has one of the best systems that was submitted to this
evaluation (UMCP-T-TOFS-L2-CF), and that they type a short query
into that system. The system will then recommend a few boxes to
them. If they request only the system’s highest-ranked box, we can
see from Table 4 that they have a 47% chance that they will find
something that they think is relevant somewhere in that box. That
system can also suggest which folder in that box to look through.
If they choose to look through only the system’s highest-ranked
folder in its highest-ranked box, we can see from Table 3 that their
chance of finding something relevant goes down a bit, from 47% to
42%. However, if they choose to look at the system’s five highest-
ranked folders (which might require requesting as many as five
different boxes) they can do a bit better - their chances of finding
something relevant goes up from 42% to 53% (this is based on 24 of
45 topics having a non-zero nDCG@5 in Table 5).

Now imagine instead that this archive has not yet installed a
system like the ones that submitted runs for this evaluation. The
searcher will instead need to search the metadata records of the
archive to find what they are looking for. In such a case the searcher
might also solicit assistance from an archivist, who would be fa-
miliar with how the collection is organized, what metadata exists
for the collection, how that metadata can be interpreted, and how
the existing metadata-based search systems at that archive work.
We can not fully simulate the effect of that expert assistance using
the evaluation results that we have, but one system that we know
searched only folder metadata (UMCP-T-F-B) recommended a box
that contained at least one relevant document just 18% of the time.
on the bright side, its recommendation of which folder to look at in
that box was also correct 18% of the time. On balance, it does appear
that systems of the type that have submitted their results to this
evaluation might well be of some value to some searchers, both for
suggesting additional boxes to examine (beyond those they might
be able to find in other ways) and for suggesting which folders in
those boxes might be given the highest priority for examination if
the searcher’s time is limited.

3 Subtask B: Archival Reference Detection

In Subtask B, we defined two tasks—Archival Reference Detection
and Archival Reference Boundary Detection—focusing on footnotes
and endnotes found in academic papers. The Archival Reference
Detection task is, given the text of a footnote or endnote (in isola-
tion), detect whether that text contains one or more references to
the location of specific documents (or other information objects)
in some archival repository. Second, Archival Reference Boundary
Detection is the task of identifying the start and end character po-
sitions of those archival references. The following are examples of
footnotes or endnotes containing archival references.

e Roosevelt to Secretary of War, June 3, 1939, Roosevelt Pa-
pers, O.F. 268, Box 10; unsigned memorandum, Jan. 6, 1940,
ibid., Box 11.

o Wheeler, D., and R. Garcia-Herrera, 2008: Ships’ logbooks
in climatological research: Reflections and prospects. Ann.
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New York Acad. Sci., 1146, 1-15, doi:10.1196/annals.1446.006.
Several archive sources have been used in the preparation
of this paper, including the following: Logbook of HMS
Richmond. The UK. National Archives. ADM/51/3949

For Subtask B, we crawled papers from the field of History using
Semantic Scholar, and then used GROBID [3] to extract the text of
footnotes or endnotes in those papers to develop a test collection.
The annotation of whether a footnote or endnote contained one or
more archival references was made after the submission of runs by
participating teams, using sampling strategy. For the formal run of
Subtask B, a total of 7 submissions were received from two teams,
Kyushu University (QshuNLP) [9] and the University of Maryland
(UMCP) [5]. The breakdown of the runs for each task is shown in
Table 6.

This section explains the test collection for Subtask B, the anno-
tation process for footnotes and endnotes, and the results of the
submitted runs.

Table 6: Number of submissions for Subtask B.

Team Reference Detection Boundary Detection
QshuNLP 2 1
UMCP 5 0

3.1 Test Collection

Stratified Sampling. In Subtask B, two teams, QshuNLP and UMCP,
participated. We received seven runs, in which (after deduplication)
at least one run classified a total of 9,394 footnotes or endnotes
as archival references. Among these, only one run (QshuNLP-B2)
included results for the Archival Reference Boundary Detection
Task. We conducted relevance judgments in January 2025 with a
single assessor, a PhD student in Library Science.

Due to the assessor constraints, we applied stratified sampling
to select footnotes or endnotes for annotation. We defined 5 strata
based on agreement between the submitted runs, as follows.

e Stratum 1 consists of texts (i.e., footnotes or endnotes) clas-
sified as archival references in all seven runs.

e Strata 2, 3, and 4 include texts classified as archival refer-
ences in any five or six runs, any three or four runs, and
any one or two runs, respectively.

e Stratum 5 consists of texts that were not classified as archival
references in any submitted run.

The statistics for the stratified sampling are summarized in Ta-
ble 7. Since we expect more actual archival references in texts with
greater system agreement, we allocated more samples to strata with
higher agreement. For Stratum 1, which is very small, we sampled
at 100%. The sampling rates are about 57% for strata 2 and 3; it is
lower for stratum 4 at about 44%. We very sparsely sampled texts
from stratum 5, with a 0.2% sampling rate, in order to get a rough
estimate for the number of archival references that all systems
had missed. The overall positive sampling rate for each system’s
positive classifications are shown in Table 8; all are between 41%
and 46%. These sampling rates result in relatively tight confidence
intervals on precision, as seen in Table 9.
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Table 7: Stratified sampling overview.

Stratum Runs | Footnotes Samples Sampling rate
1 7 4 4 100%
2 5,6 3,145 1,800 57.2%
3 3,4 2,596 1,500 57.8%
4 1,2 3,604 1,600 44.4%
5 0 865,106 1,500 0.2 %

Annotation. We hired as an annotator the Ph.D. student who served
as an assessor for Subtask A, who has experience conducting re-
search on archival institutions. Before the annotator began the
annotation, we created an annotation guide and provided instruc-
tion using that guide. In that instruction, we introduced the goals
of Subtask B and then outlined the annotation rules and the anno-
tator’s work.

In the annotation guide, we defined the annotation rule as fol-
lows: Footnotes or endnotes that the annotator can recognize as
expected to be useful for finding the location of a specific infor-
mation object in an archival repository should be marked as an
archival reference. We provided a detailed explanation of three
specific criteria for applying this rule.

e An information object is a physical or digital container
whose main purpose is to convey information. Examples
include documents, films, photographs, or audio recordings.
Physical objects that principally serve some other purpose
(e.g., statues, jewelry, biological specimens, or artwork)
were not considered information objects, even if they inci-
dentally include information (e.g., as inscriptions on statues
or signatures on paintings).

e An archival repository is a collection whose purpose is,
at least in part, to collect certain types of rare and often
unique information objects, but only in cases in which
that collection has been created by an institution that had
curatorial intent when creating that collection.

e Alocation in an archival repository could be general (e.g.,
the name of an archival repository) or specific (e.g., Fonds,
Box or Folder). A location need not be complete to be useful
because it is reasonable to assume that such specific loca-
tions would have been contextualized within the document
from which the footnote or endnote had been extracted.

We drew two samples of 2,687 and 2,869 footnotes and endnotes.
We did this because we were uncertain about whether there would
be sufficient time to annotate both batches. We chose the size of
the second batch based on the estimated annotation time for the
first batch.

The annotation was performed using a spreadsheet, where each
row contained the text of the footnote or endnote to be annotated,
along with a “Decision” column and a “More” column in which the
annotation was to be made. If the annotator determined that the text
was an archival reference, they would enter 1 in the “Decision” col-
umn, otherwise, they would enter 0. If, however, they were unable
to make a confident decision, they could enter u (for “unknown”).
If the footnote or endnote being annotated contained additional
contained text that was not a part of an archival reference, they
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would enter “x” in the “More” column. Clarification questions were
sometimes sent to the organizers by email.

After completing each batch, we reviewed the annotations and
provided feedback. For example, 205 footnotes and endnotes that
were initially marked as 1 in the first batch were later corrected
by the annotator to 0 (or to unknown) after discussion with the
organizers. The most common reason for making that change was
the annotator’s not having initially understood that only footnotes
or endnotes that included information about the location of some
specific item could be an archival reference according to our defini-
tion.

Ultimately, a total of 5,376 footnotes and endnotes were anno-
tated, of which 2,728 were marked by the annotator as archival
references.

After completing annotations for the Archival Reference Detec-
tion task (Batch 1 and Batch 2), we conducted annotation for the
Archival Reference Boundary Detection task with the same asses-
sor. We randomly selected 230 footnotes or endnotes from Batch
1 that had been marked by the annotator as containing archival
references (115 of them were checked in the “More” column, and
the rest had not such annotation), as well as another 50 footnotes
or endnotes that been marked as not containing any archival refer-
ences (with 0 in the “Decision” column). As with the annotations
for the Archival Reference Detection task, before beginning the an-
notation, we created an annotation guide and provided instruction
to the annotator.

In this instruction, we first shared our broad goal for the Archival
Reference Boundary Detection (which was to use archival refer-
ences found in the literature to help scholars find specific items
that they would like to see). Extracting archival references from
footnotes or endnotes was a first step that could later be followed
by identifying specific information such as the name of the archival
repository or the box number containing an item. Then, we pro-
vided an explanation of the annotation task, which was to copy
each archival reference from the text of a complete footnote or end-
note into a separate field that would contain only a single minimal
complete archival reference.

We prepared a spreadsheet where each row corresponds to the
text of a footnote or endnote to be annotated. The columns in-
cluded the “Archival Reference Span”, which records the start and
end positions of the first reference in the text, as well as individual
columns for each archival reference, such as “Archival Reference
17, “Archival Reference 2”, and so on. The annotation process was
conducted by copying a single minimal contiguous text span for
an archival reference from a footnote or endnote into each corre-
sponding cell. Later, we used substring matching to calculate the
start and end character positions for each archival reference in the
original footnote or endnote.

This annotation process found archival reference spans in 228
footnotes or endnotes that could be used for evaluation of the
Boundary Detection task. Among those 228, 48 contained two or
more more archival references, with a mean in those 228 of 1.6 and
a maximum of 31.
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Table 8: Per-system overall positive sampling rate.

System System detections Sampling rate
UMCP-SGDC 4,464 44.4%
UMCP-GPT-SGDC 7,219 44.9%
UMCP-GPT-SGDC-U-2-30 7,804 44.3%
UMCP-SGDC-U-3-75 5,060 46.4%
UMCP-GPTauto-SGDC 4,857 44.8%
QshuNLP-B1 231 43.3%
QshuNLP-B2 272 40.8%

3.2 Evaluation Measures

Because archival reference detection is a binary classification task
with highly skewed class prevalence, we use precision, recall, and
F; to characterize classification effectiveness. Because stratified
sampling was used, these values were computed from estimates
rather than directly from measured values.

We did this by first estimating the true number of archival refer-
ences in each stratum. Since we know the sampling rate for each
stratum, we estimate the true number in that stratum by multi-
plying the number found in that stratum by the annotator by the
multiplicative inverse of the sampling rate for that stratum. For
example, if 100 archival references had been found by the annotator
in a stratum that had been sampled at 50%, we would estimate that
that there were really likely to be about 200 archival references in
that stratum. To get an estimate for the total number of archival
references in the collection, we then summed those per-stratum
estimates. We estimated the number of correct positive system de-
cisions (i.e., system detections) for each stratum and for the full
collection in the same way.

We assigned each stratum a sampling rate, denoted sy, s2, 53, 54, S5.
For stratum i, we define the observed number of true positives in
the stratum as TP;, false positives as FP;, and false negatives as
FN;. The estimated actual number of true positives, false positives
and false negatives in stratum i is then TP; = TP; /si, FP; = FP; /si
and FN; = FN;/s;, respectively. With these preliminaries, we then
estimate Precision and Recall as follows.

Z?—l TP;
Precision = S_A—A,
Zi:l (TP,' + Fpi)
5 o
> TP;
Recall = 2y TP

> (TP; + FN)

We then estimated F; as the harmonic mean of our estimates for
Precision and Recall. We also calculated the 95% confidence inter-
vals for Precision, Recall and F;. For F;, we estimated the confidence
interval using bootstrap resampling, with 1,000 iterations.

For the Archival Reference Boundary Detection task, we eval-
uated the results using a character-based Jaccard coefficient. This
value is computed as the number of characters in the intersection
between the system’s output and the annotators ground truth, di-
vided by the number of characters in the union, as follows:

IGN S|
|GUS|’

Jaccard(G,S) =
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where G denotes the span for archival reference in the ground
truth annotation and S denotes the span for that in a system’s
submission.

3.3 Dry Run

We held the dry run for Subtask B by distributing the dry-run test
collection on July 1, 2024, and setting the submission deadline for
August 31, 2024. As SUSHI is a pilot task, with Subtask B being run
for the first time, the purpose of the dry run was to identify and re-
solve any potential issues in our task organization. Specifically, we
wanted to verify whether the guidelines provided sufficient infor-
mation for participants, whether our evaluation program correctly
processed the submission format, and whether the overall process
functioned without complications. The dry run collection could
also serve as training data for participating teams who wished to
use it in that way.

With those objectives in mind, we distributed 1,868 fully anno-
tated footnotes and endnotes as the dry run test collection. We also
distributed two python programs with this data, one that imple-
mented a term-matching baseline for archival reference detection
(in which footnotes or endnotes containing terms such as “archive”
or “box” would be classified as archival references), and one to
perform evaluation. Both were limited to the Archival Reference
Detection; no dry run was performed for Archival Reference Bound-
ary Detection task because at the time the dry run was conducted
we had no annotated ground truth for Archival Reference Boundary
Detection.

The dry run test collection was based on previously annotated
data for the Archival Reference Detection task [7]. The collection
included 671 positive examples and 1,165 negative examples. Details
on the annotation process and the term-matching baseline method
can be found in Suzuki et al. [7].

We received no submissions to the Subtask B dry run, but we did
use the dry run for its intended purpose of verifying the compati-
bility of our submission formats and evaluation program, and the
dry run test collection was then available to participating teams for
use in system training or formative evaluation.

3.4 Results

Table 9 summarizes the results for the seven runs by each evaluation
measure. The runs submitted by UMCP achieved higher precision,
with a maximum of 0.774. Recall is, however, rather low for all
systems, with none higher than 0.119. The confidence intervals on
recall are quite tight (none are larger than +0.003), but we note
that these confidence intervals reflect only sampling error, and not
measurement error.

To see the potential effect of measurement error, consider the ef-
fect of one incorrect judgment in stratum 5, for which the sampling
rate was 0.1734%. At that sampling rate, one incorrect positive judg-
ment by the assessor would increase our estimate for the number
of archival references in the collection by 527. The best system by
F;, UMCP-GPT-SGDC-U-2-30, found an estimated 5,424 positive
examples out of an estimated 45,580 total positive examples in the
collection, yielding an estimated Recall of 0.119. If we were to as-
sume that an annotator working for several days to create several
thousand annotations might make a net of 5 mistakes in either
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Table 9: Subtask B results.

Run System Yes Est Correct Yes Precision Recall F Jaccard
UMCP-GPT-SGDC-U-2-30 7,804 5,424 | 0.695+0.009 0.119 +£0.003 0.155 + 0.006 -
UMCP-GPT-SGDC 7,219 5,061 | 0.701 +£0.010 0.110 +£0.003 0.145 + 0.005 -
UMCP-SGDC-U-3-75 5,060 3,916 | 0.774 £0.011 0.081 = 0.002 0.111 £ 0.004 -
UMCP-GPTauto-SGDC 4,857 3,623 | 0.746 +£0.011 0.074 = 0.002 0.099 + 0.004 -
UMCP-SGDC 4,464 2,973 | 0.666 +0.013 0.061 = 0.002 0.082 + 0.004 -
QshuNLP-B1 272 103 | 0.379 £0.058 0.002 £ 0.000 0.004 + 0.001 -
QshuNLP-B2 231 70 | 0.303 £ 0.049 0.002 £+ 0.000 0.004 +0.001 0.480

direction in stratum 5, then the effect of that measurement error
would be +0.008, which is somewhat larger than the confidence
intervals shown in Table 9. We don’t know how much of an effect to
attribute to measurement error because we have no dual annotation
on this collection to ground such an estimate, but for now we would
suggest considering the combined confidence interval on recall to
be at least as large as the confidence intervals on precision for the
best systems (i.e., at least 0.010). But regardless of the specific size
of that confidence interval, we can surely say from these results
that there is clearly still substantial room for improvement in recall.

Only one run, QshuNLP-B2, performed the Archival Reference
Boundary Detection task, achieving a Jaccard coefficient of 0.480.
Choosing the first half of each footnote or endnote as the archival
reference (a very simple baseline) would have yielded a Jaccard co-
efficient of 0.512, so there is clearly work still to be done on Archival
Reference Boundary Detection. We note that future Archival Refer-
ence Boundary Detection systems will have the benefit of training
data from the annotations, whereas this year’s one system lacked
that resource.

4 Conclusion and Future Work

This SUSHI pilot task has produced two new test collections, and
participating teams have made substantial improvements to the
state of the art on both subtasks. The test collection for the Folder
Ranking subtask includes more comprehensive metadata than ear-
lier collections, and we have shown how an evaluation design first
developed in the context of box ranking can be extended to the
more challenging evaluation setting of folder ranking. The best
submitted systems for that subtask achieved nDCG@5 scores about
25% better, relative to those achieved by baselines that represent
the prior state of the art. In the Archival Reference Detection sub-
task, the best submitted systems achieved better than 77% precision
while finding very many more archival references than did earlier
systems, although sampling for estimation of recall clearly indicates
that further room for improvement in recall exists.

One puzzle in this first instance of the SUSHI task has been the
low participation. It is simply not necessary to run an entire NTCIR
task for a single participating team (excluding here the participating
teams that included task organizers, who of course don’t need an
NTCIR task to work with themselves!). Perhaps the existence of the
test collection, together with this year’s results, will help to interest
additional teams in participating in a future evaluation. Expanding
the set of subtasks being evaluated to include full-collection search
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might also be of interest to teams who are interested in OCR search,
metadata search, or the combination of the two.
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