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Abstract 

LitSense 2.0 ( https:// www.ncbi.nlm.nih.gov/ research/ litsense2/ ) is an advanced biomedical search system enhanced with dense vector semantic 
retrie v al, designed for accessing literature on sentence and paragraph le v els. It pro vides unified access to 38 million PubMed abstracts and 6.6 
million full-length articles in the PubMed Central (PMC) Open Access subset, encompassing 1.4 billion sentences and ∼300 million paragraphs, 
and is updated weekly. Compared to PubMed and PMC, the primary platforms for biomedical information search, LitSense offers cross-platform 

functionality by searching seamlessly across both PubMed and PMC and returning relevant results at a more granular level. Building on the 
success of the original LitSense launched in 2018, LitSense 2.0 introduces two major enhancements. The first is the addition of paragraph- 
le v el search: users can now choose to search either against sentences or against paragraphs. The second is impro v ed retrie v al accuracy via a 
state-of-the-art biomedical text encoder, ensuring more reliable identification of relevant results across the entire biomedical literature. 
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raditional keyword-based search methods have long been
he foundation of biomedical literature searches [ 1 , 2 ]. Mil-
ions of users rely daily on platforms such as PubMed ( http:
/ ncbi.nlm.nih.gov/ pubmed ) and PubMed Central ( https://
ww.ncbi.nlm.nih.gov/pmc ) to access research articles that
eet their information needs in biomedicine. While effec-

ive for straightforward searches, these methods struggle with
omplex information-seeking tasks involving longer, context-
ich queries, such as sentences or passages / paragraphs. For
xample, a PubMed search with a sentence “There are only
wo fiber supplements approved by the Food and Drug Ad-
inistration to claim a reduced risk of cardiovascular disease
y lowering serum cholesterol: beta-glucan (oats and barley)
nd psyllium, both gel-forming fibers.” returns no results, de-
pite relevant PubMed articles being found by LitSense 2.0. 
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Such nuanced searches are often essential for scientific en-
deavors like literature explorations, formulating hypotheses,
or gathering specific evidence from the literature. The ability
to search using extended text segments is especially critical for
identifying claims or statements embedded within the full text
of articles. Current search systems like PubMed and PMC are
not equipped to accommodate this need. Compounding the
challenge is the separation of PubMed and PMC into distinct
systems—despite overlapping content, researchers must navi-
gate each platform separately, adding unnecessary complexity
to the search process and hindering comprehensive literature
retrieval. 

Additionally, keyword-based searches can miss the arti-
cles that are semantically relevant but have incomplete lex-
ical overlap with the input query. Recent progress in infor-
mation retrieval (IR) and deep learning has shown that dense
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Figure 1. System overview. LitSense 2.0 offers two search options—sentence search and paragraph search. For both cases, we obtain PubMed and 
PMC Open Access documents and split the text into sentences and passages, resulting in ∼1.4 billion sentences and ∼300 million passages ( A ). 
MedCPT embeddings are computed for all sentences and paragraphs and stored in the database ( B ). For sentence search, Solr retrieves sentences 
using the (sum of IDF term weights) ( C ), while for paragraph search the BM25 function is used ( D ). The top ranked sentences / paragraphs are reranked 
using a linear combination of lexical and semantic scores ( E , F ). Results are displayed through the web interface ( G ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.0. 
retrievers, which encode and match queries and docu-
ments as dense vectors, can perform better semantic re-
trieval than traditional sparse retrievers such as BM25
[ 3–5 ]. 

In this work, we present LitSense 2.0, an advanced
search system designed to overcome these challenges. By
incorporating sentence- and paragraph-level query capa-
bilities, LitSense 2.0 offers the ability to perform deep,
context-aware searches, streamlining the retrieval of spe-
cific information from the vast biomedical literature. Lit-
Sense 2.0 unifies searches across PubMed and PMC, provid-
ing researchers with a streamlined solution to explore the
biomedical knowledge landscape. Additionally, LitSense 2.0
achieves enhanced retrieval accuracy through its semantic
search capabilities, powered by the integration of MedCPT
[ 6 ]. 

MedCPT [ 6 ] is a transformer-based model obtained from
PubMed BERT [ 7 ] and fine-tuned on a very large set of
PubMed click data obtained from PubMed logs. MedCPT
generates query and document embeddings that are shown
to be highly effective for IR tasks. MedCPT embeddings
have been evaluated on multiple datasets for sentence simi-
larity, including BIOSSES [ 8 ] and MedSTS [ 9 ], and demon-
strated favorable results. The MedCPT article encoder has
also demonstrated state-of-the-art performance on article sim-
ilarity tasks [ 6 ], outperforming models such as SPECTER [ 10 ]
and SciNCL [ 11 ], specifically trained with article–article cita-
tion information. In this work, we use high-quality embed-
dings generated by MedCPT to perform semantic re-ranking
of sentences and paragraphs, where the candidate items ex-
tracted using lexical methods are re-ranked using a linear com-
bination of lexical and dense vector similarity scores. Inte- 
grating MedCPT into LitSense 2.0 offers improved retrieval 
performance. 

The review of existing semantic search services reveals that 
none could fully achieve the capabilities proposed by Lit- 
Sense 2.0. One such systems is Google Scholar ( https://scholar. 
google.com )—a widely used academic search engine that al- 
lows searching with full sentences and longer passages. Un- 
fortunately, it frequently fails when searched with paragraphs.
The system cannot be restricted to PubMed and PMC, mak- 
ing it less effective for targeted biomedical literature retrieval.
Additionally, it does not provide features such as biomedi- 
cal entity recognition and highlighting. Another contender is 
Semantic Scholar ( https://www.semanticscholar.org )—an AI- 
powered research tool for scientific literature. It often failed 

when searched with full sentences. When successful, it fre- 
quently returned the query sentence only. The system does 
not search in PubMed Central (PMC). Scopus ( https://www. 
scopus.com ) is a subscription-based literature database offer- 
ing citation analysis and search capabilities across various dis- 
ciplines. While it claims to allow searching with sentences and 

longer passages, it does not provide free access and lacks spe- 
cialized search in PubMed and PMC. A systematic comparison 

is not feasible, as there is no API access to these systems, and 

the methodology is not public for Google and Scopus prod- 
ucts. Europe PMC ( https://europepmc.org ) is the closest to 

us in functionality—as it searches across both PubMed and 

PMC. However, while it accepts sentences or longer passages 
as queries, it does not retrieve at the sentence or paragraph 

level, which is a unique and distinguishing feature of LitSense 

https://scholar.google.com
https://www.semanticscholar.org
https://www.scopus.com
https://europepmc.org
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Figure 2. LitSense 2.0 user interface. Users can enter sentence or passage queries into the search bar ( A ) and retrieve results based on sentence or 
passage search. On the results page, users can filter results by a section ( B ) or a publication date ( C ) and show / hide the highlights of bio-entities ( D ). 
The central column displays retrieved sentences or paragraphs ( E ). Each retrieved sentence / paragraph includes PubMed / PMC ID, title, 
authors, and section type in which the sentence / paragraph appeared. Clicking the title of the retrie v al opens the whole document and shows the 
retrie v ed sentence / paragraph in context and highlighted. Retrieved results can be downloaded ( F ). 
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 yst em o v erview 

itSense 2.0, illustrated in Fig. 1 , is an online service for lit-
rature exploration that allows users to search with full sen-
ences and paragraphs. The system provides unified access to
 comprehensive collection of ∼38 million PubMed records
nd 6.8 million full-text articles from the PMC Open Access
ubset, encompassing over a 1.4 billion sentences and around
00 million paragraphs. Compared to PubMed only search,
his greatly expands access to relevant information embedded
ithin full-text articles [ 12 ]. 
LitSense 2.0 builds on its predecessor, LitSense [ 13 ],

hrough addition of paragraph search and improved semantic
earch. In most cases, the passages are paragraphs, so in this
ork we use the terms paragraph and passage interchange-
bly. LitSense 2.0 employs a two-phase ranking system for
oth sentence and paragraph searches, similar to PubMed’s
est Match algorithm [ 14 ] and other contemporary search
ystems that combine lexical and semantic retrieval methods
 15–17 ]. The first phase uses lexical retrieval to identify can-
idate sentences / paragraphs, the second phase performs se-
antic re-ranking of the top scoring results retrieved during

he first phase. Semantic re-ranking is achieved using the latest
generation of semantic search technologies powered by Med-
CPT [ 6 ], a state-of-the-art embedding model for biomedical
IR. The MedCPT embeddings for all the sentences and para-
graphs are precomputed, requiring only query embedding cal-
culation at run time. 

The interface of LitSense 2.0, as illustrated in Fig. 2 , facil-
itates direct browsing of returned sentences or paragraphs in
context and allows for further filtering by section type or pub-
lication date. Enhanced visualization features, such as entity
highlighting, provide clear and insightful result presentations.
Powered by PubTator 3.0 [ 18 ], entity highlighting recognizes
genes, chemicals, species, diseases, mutations, and cell lines.
LitSense 2.0 is free and open to all users without login require-
ment, it is available at https:// www.ncbi.nlm.nih.gov/ research/
litsense2/. 

Sentence and passage indexing and search 

LitSense 2.0 enables sentence and passage searches across all
available sentences or passages in PubMed and PMC by treat-
ing them as units of information. To facilitate these search op-
tions, we index every sentence and passage in PubMed ab-
stracts and PMC OA full-text documents. For both cases, we

https://www.ncbi.nlm.nih.gov/research/litsense2/
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Table 1. Performance comparison of three methods on 25 CDD query sentences and 50 PLoS biology query sentences 

NDCG MAP 
PLoS Biology queries CDD queries PLoS biology queries CDD queries 

LitSense 2.0 0.9551 0.9559 0.7985 0.6816 
LitSense 0.9412 0.9373 0.7462 0.6233 
IDF 0.9110 0.9255 0.5858 0.5131 

NDCG and MAP scores are computed per query and averaged over all queries in each set using human annotations as ground truth. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

obtain documents from the BioC repository [ 19 ], a database
supporting an extensible mark-up language created to al-
low interoperability between biomedical text processing sys-
tems. Lengthy documents such as conference / workshop pro-
ceedings are excluded while keeping only individual research
articles. Sentences and paragraphs are labeled by the type
of section where they appear, and section types are normal-
ized to one of the eight semantic categories, including In-
troduction, Methods, etc. [ 20 ]. This mapping allows filtering
search results by sections. For more details, please refer to
Supplementary Section 1 . 

In the first phase of sentence search, efficient lexical re-
trieval of best-matching PubMed and PMC sentences uses an
inverse document frequency (IDF) ranking function [ 21 ] with-
out local weighting. We have two matching options. The first
threshold—requiring 60% of query terms to be matched—
aims to prioritize highly relevant candidate sentences. If no
matches are found at this stricter level, the system relaxes
the constraint to a 30% match threshold, which allows for
broader coverage and increases the recall of potentially rel-
evant results. Otherwise, the system does not produce any
results. These thresholds are inherited from the original Lit-
Sense. 

In the second phase, we used the MedCPT query encoder
to compute a query sentence embedding. We then compute
the MedCPT score, as a cosine similarity score between the
query and each retrieved sentence. These top N sentences
(currently N is set to 100) are then reranked by creating a
linear combination of IDF and dense vector sentence simi-
larity scores [ 22 ]. The relative weight assigned to the two
components is determined empirically using the grid-search
method, based on annotated data. Details are included in
Supplementary Section 2 . 

Passage search adopts a comparable two-phase process. In
the first phase, paragraphs are scored using the BM25 rank-
ing function [ 21 ], which outperforms the IDF scoring used
for sentences by leveraging the additional context provided
in paragraphs and accounting for local term frequency. If the
query passage is too long, we limit the search to 50 highest
weighted terms defined by TFxIDF. Since paragraphs are sig-
nificantly longer than sentences, the initial threshold is set at
30% match. If no results are retrieved, the threshold is re-
duced to 10%. Otherwise, the system does not produce any
results. These thresholds were determined empirically. Simi-
lar to sentence re-ranking, the second phase re-ranks the top
N (N is set to 100) paragraphs by combining BM25 scores
with MedCPT paragraph similarity scores [ 6 ]. We use the
MedCPT document encoder for both query and retrieved
paragraphs. 

Implementation tools and updates 

We developed LitSense 2.0 using the Angular framework
( https://angular.io ) for the frontend and the Django frame-
work ( https://www.djangoproject.com ) for the backend. We 
update the data with new PubMed and PMC articles on a 
weekly basis. LitSense 2.0 supports the latest versions of web 

browsers (e.g. Chrome, Safari, Firefox, and Edge) and mobile 
devices. 

Evaluation 

Evaluating sentence search in LitSense 2.0 

We compare sentence search performance of LitSense, which 

relies on sent2vec embeddings for computing semantic similar- 
ity, with MedCPT embeddings in LitSense 2.0. Sent2vec and 

MedCPT both generate vector representations of multi-word 

texts. Sent2vec averages word and n-gram vectors, while Med- 
CPT, a BERT-based model, produces a contextualized embed- 
ding directly for the entire text. 

For comparison, we use two manually curated datasets. In 

the first dataset, we use 25 queries sampled from the CDD 

data query sentences [ 23 ], for the second set, we use 50 PLoS 
Biology article titles as queries. For both sets of queries, we 
first retrieve the best matching 100 sentences with IDF and 

score these sentences with sent2vec and MedCPT (using query 
encoder for query sentences and document encoder for re- 
trieved sentences). We compared three methods: (i) IDF with- 
out re-ranking; (ii) IDF reranked with sent2vec; and (iii) IDF 

reranked with MedCPT. We collect the top 10 best scoring 
candidates retrieved by each method. These sentences are then 

combined using a union function, shuffled, and manually eval- 
uated, using annotation guidelines outlined in the annotation 

of the CDD dataset. Note that when we refer to “CDD queries,
” we are only referring to the query sentences themselves. The 
retrieved sentences we manually annotated for this evaluation 

are distinct from those annotated in the original CDD dataset.
Using these annotations, the normalized discounted cumu- 
lative gain (NDCG) evaluation and mean average precision 

(MAP) evaluation for each method (IDF, sen2vec, and Med- 
CPT) ( https:// en.wikipedia.org/ wiki/ Evaluation _ measures _ 
(information _ retrieval) ) is computed and presented in Table 
1 . The manually annotated datasets are available at https: 
// ftp.ncbi.nlm.nih.gov/ pub/ lu/ LitSense2/ . For the MAP evalu- 
ation, we treat annotations of 4 and 5 as relevant, and the 
remainder as irrelevant. As seen in Table 1 , replacing sent2vec 
with MedCPT results is an improvement and the improvement 
is statistically significant. 

Since human annotations are costly, we tested ChatGPT 

as a surrogate annotator. Evaluation results on the manu- 
ally annotated datasets of sentences suggested that the an- 
notations produced by humans and ChatGPT are of com- 
parable quality. Details of this computation are included in 

Supplementary Section 3 . We next used ChatGPT-generated 

annotations to compare sent2vec and MedCPT embeddings 
on a large scale. As query sources, we use 1000 PLoS Biol- 
ogy article titles, 1000 user queries from LitSense API logs,

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf417#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf417#supplementary-data
https://angular.io
https://www.djangoproject.com
https://en.wikipedia.org/wiki/Evaluation_measures_%20(information_retrieval
https://ftp.ncbi.nlm.nih.gov/pub/lu/LitSense2/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf417#supplementary-data
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nd 1000 user queries from LitSense Web logs. Retrieved re-
ults are evaluated using NDCG and MAP, where NDCG and

AP scores are computed per query and averaged over all
articipating queries. As observed in Fig. 3 , LitSense 2.0 signif-
cantly outperforms the original LitSense and the baseline IDF
ethod. The differences between LitSense 2.0 and all other
ethods applied are statistically significant. 

valuating paragraph search in LitSense 2.0 

e evaluate the paragraph search performance on the REL-
SH article similarity dataset [ 24 ]. RELISH is the largest ex-
ert annotated article similarity dataset and contains anno-
ations for 196 000 PubMed article abstract pairs, span-
ing 3200 PubMed articles utilized as queries. In RELISH,
iven a PubMed article as a query, a retrieved article is an-
otated as relevant, partially relevant, or not relevant. This
ataset is suitable for evaluating paragraph similarity perfor-
ance because PubMed article abstracts can be considered as
aragraphs. 
Table 2 presents the comparison of five methods for para-

raph search: LitSense 2.0, LitSense, MedCPT, BM25, and
MRA [ 25 ]. We evaluate the ranking quality based on MAP
nd NDCG metrics at ranks of 5, 10, and 15 (@5, @10, @15)
s well as all ranks (all), on the test subset of RELISH. We ob-
erve that LitSense 2.0 outperforms all other methods, based
n all ranks, for both MAP and NGCD, and the difference is
tatistically significant. 

We also explored the potential of using ChatGPT as a sur-
ogate annotator for paragraph search. Several prompts were
ested (see supplementary materials), but none produced re-
ults that matched the baseline performance. 

sage 

itSense 2.0 offers an IR framework for searching and ac-
essing biomedical information on sentence and paragraph
evels. It provides an intuitive interface, multiple useful filters,
s well as allowing users to turn on entity highlighting.
itSense 2.0 streamlines users’ access to information by lo-
ating the sentences and paragraphs of interest. Additionally,
t offers access through its API and bulk download of the
etrieved results. The API allows users to programmatically
earch the LitSense 2.0 collections in the same way as on
he website, with results limited to the top 100 per query to
educe server load. API for searching sentences and passages,
espectively , are https://www .ncbi.nlm.nih.gov/research/
itsense2-api/ api/ sentences/ ?query=query&rerank=true ; 
ttps:// www.ncbi.nlm.nih.gov/ research/ litsense2-api/ api/ 
assages/?query=query&rerank=true 
Numerous studies have harnessed LitSense sentence search

apabilities for targeted literature search, hypothesis genera-
ion, and question answering. The usage analysis of LitSense
hows the system to be of substantial benefit to the biomed-
cal community. Since its launch in 2018, it has been widely
dopted, serving over 250 000 unique users from > 110 coun-
ries. The system has handled 9 million requests, with 55%
riginating from the web and 45% through the API. Lit-
ense has been highlighted in workshops [ 26 ], text mining
ool surveys [ 27 ], and benchmarking studies [ 28 ]. LitSense is
ited as the search and text analysis tool of choice in pub-
ications covering a wide range of biomedical topics from
ardiovascular informatics [ 29 ] to cholesterol synthesis path-
ways [ 30 ], to understanding of inter bacterial associations
[ 31 ], and sulfate BioSynthesis [ 32 ], to name a few. LitSense
provides a powerful approach to fact checking [ 27 ], and is
a platform for discovering scientific evidence and conducting
literature search. As an example, we present two case stud-
ies that rely on LitSense as a building block of a processing
pipeline. 

FoodAtlas: automated knowledge extraction of 
food and chemicals 2 from literature 

[ 33 ] In this study the authors construct a knowledge graph ap-
plicable to the domain of raw food, ingredients, and chemicals.
The LitSense API is used to retrieve sentences matching search
phrases of the form “food name contains.” The retrieved sen-
tences were filtered to retain candidates for specific species
and chemical entities, which were annotated by LitSense’s Bio-
Concept tagger. The model extracted over 230 thousand food-
chemical composition relationship hypotheses, 46% of which
have not been reported in any published database. Validation
of the 443 hypotheses generated by the link prediction model
resulted in 355 new food-chemical relationships. 

BactInt: a domain driven transfer learning approach
for extracting inter-bacterial associations from 

biomedical text 

This study focuses on bacterial groups, and their associations
within the human body ecosystem. Evidence supporting inter-
bacterial associations is reported in biomedical literature, but
automated and accurate extraction of such evidence is es-
sential to keep pace with the ever-increasing volume of re-
search. To address this problem, the authors create a pro-
cessing pipeline, where first they extract candidate sentences
containing such bacterial associations. These associations are
frequently described with three commonly used keywords—
“associate, ” “correlate, ” and "interact” and sentences con-
taining bacterial names, and an association keyword are good
candidates. Using queries of the format [ bacteria1 interac-
tion_k eyw ord bacteria2 ], sentences mentioning the bacterial
pairs were retrieved, resulting in the BactInt Sentence Cor-
pus, a diverse and large sentence dataset, utilized for training
a model. 

Discussion and conclusion 

LitSense has emerged as an important platform for discover-
ing scientific evidence and conducting literature search, turn-
ing this tool into an integral part of biomedical information
extraction tasks. With the introduction of LitSense 2.0, we
have now incorporated paragraph-level search, expanding the
platform’s capabilities. To our knowledge, this is the only sys-
tem that allows browsing of biomedical literature on a para-
graph level. 

Over the past five years, PubMed has expanded from ∼29
million to 38 million article abstracts, while PubMed Central
has grown from ∼3 million to 6.6 million full-text articles.
This growth has resulted in 1.4 billion sentences, up from half
a billion in 2019, along with the new addition of ∼300 million
paragraphs. Sentence searches typically take 9 s, while para-
graph searches require 17 s on average. This is due to query
length, the vast search space, and shared compute resources.
In unusual circumstances it could take significantly longer. We

https://www.ncbi.nlm.nih.gov/research/litsense2-api/api/sentences/?query=query&rerank=true
https://www.ncbi.nlm.nih.gov/research/litsense2-api/api/passages/?query=query&rerank=true


W 366 Yeganova et al. 

Figure 3. NDCG and MAP-based e v aluation f or three datasets—1K PL oS Biology queries, LitSense API queries, and LitSense Web queries, compared 
between three methods—LitSense 2.0, LitSense, and IDF, using ChatGPT annotations as ground truths. NDCG and MAP scores are computed per 
query and a v eraged o v er all queries. 

Table 2. Performance comparison of five methods for paragraph search on the test portion of the RELISH dataset 

Method MAP NDCG 

@5 @10 @15 All @5 @10 @15 All 

LitSense 2.0 0.9515 0.9318 0.9164 0.8471 0.8206 0.7962 0.7885 0.9081 
LitSense 0.9433 0.9206 0.9028 0.8295 0.7995 0.7722 0.7637 0.8971 
MedCPT 0.9357 0.9147 0.8994 0.8330 0.7864 0.7658 0.7617 0.8959 
BM25 0.9373 0.9150 0.8978 0.8230 0.7904 0.7630 0.7541 0.8934 
PMRA 0.9308 0.9035 0.8843 0.8069 0.7700 0.7413 0.7330 0.8855 

NDCG and MAP scores are computed per query and averaged over the participating queries. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

are actively working on improving the performance and ad-
dressing this limitation. 

For both sentence and paragraph searches, we discovered
that the strategy of combining MedCPT score with IDF for
sentences and BM25 for paragraphs offered a benefit. Indi-
vidually, each method underperforms compared to their com-
bination. This suggests that while MedCPT demonstrated im-
provement over previously implemented sent2vec, there is still
room for improvement for semantic search. Advanced search
capabilities of LitSense 2.0 can play a pivotal role in facil-
itating retrieval-augmented generation (RAG) workflows in
the biomedical domain. By enabling users to retrieve con-
textually relevant scientific evidence at both sentence and
paragraph levels, it ensures that RAG models are anchored
in high-quality, domain-specific knowledge. Such an integra-
tion would support more accurate question answering and
context-aware summarization, making LitSense 2.0 a valu-
able resource for researchers developing AI applications in
biomedicine. Looking ahead, we aim to leverage the top-
scoring retrieved results to generate user-friendly summaries
and precise answers to user queries, further streamlining the
research process and enhancing the utility of LitSense 2.0 in
biomedical IR. 

Unlike sentence-level evaluation, which leverages both
curated datasets and ChatGPT-generated synthetic data,
our paragraph-level evaluation currently relies on the
RELISH dataset. To improve the robustness and diver-
sity of paragraph-level evaluation, future work could ex-
plore incorporating structured datasets such as BioASQ 

( https://www .bioasq.org ). Additionally , while MedCPT has 
demonstrated strong suitability for this task, a system- 
atic comparison with other existing and upcoming embed- 
ding models—such as FlagEmbedding ( https://github.com/ 
FlagOpen/FlagEmbedding )—could provide the means of fur- 
ther improving our tool. 
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