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Abstract. Text similarity calculation by text embeddings requires fine-tuning of
the language model by a large amount of labeled data, which may not be available
for small text collections in their specific knowledge domains, in particular, in
public organizations. As an alternative to machine learning, this research
proposes pairwise term co-occurrence within plain-text matching, i.e., the query
and the document share co-occurrences of two terms in a text span. In the entire
document, the co-occurrences form the context that affects a term. This is
analogous to a contextual word embedding, except our context affects the
importance, not the meaning, of the term. Pairwise term co-occurrence has been
applied in three text similarity calculation methods: term-pair-based text
similarity, BM25 with term weights enhanced by pairwise term co-occurrence,
and likewise enhanced cosine similarity. The three methods were evaluated for
retrieval of four text types — email messages, web articles, fill-in forms, and
brochures from a public organization — by having the first three as queries.
Pairwise term co-occurrence performed on par with or better than BERT sentence
embeddings without fine-tuning the BERT language model. With some text
types, pairwise term co-occurrence outperformed bag-of-words matching by as
much as 29.44 (MAP) and 31.71 (P@1) percentage points. Pairwise term co-
occurrence can fill a niche by improving text similarity calculation where
supervised machine learning is difficult to carry out.

Keywords: Term Co-occurrence, Text Similarity, Text Matching, Term
Weights, Document Retrieval, BM25, Embeddings.

1 Introduction

Document retrieval based on bag-of-words matching has dominated Information Retrieval (IR) for
decades. A paradigm shift came along with large, public, Internet-based text collections which
enabled the introduction of deep learning into Natural Language Processing (NLP) and the
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development of word embeddings [1], [2]. Generative Al [3], large language models (LLMSs) [4],
and text embeddings are among the latest achievements in NLP. Today, the research in textual IR
revolves largely around the combination of Machine Learning (ML) and NLP for solving IR tasks
such as question answering [5], [6], text retrieval [7] and categorization [8], and spam filtering [9].
There exist off-the-shelf pre-trained general language models, notably those available on
HuggingFace [10], that can be further fine-tuned for a particular text corpus and task. Improving
and fine-tuning LLMs is the state of the art in IR research.

Not all IR use cases, for instance, many public organizations are able to or are allowed to follow
the latest trends. It is not likely that, in the near future, courts will rely on computer-generated law,
although machine learning can help in identifying relevant legal texts [11]. Public organizations
communicate to citizens mostly pre-approved texts because a public organization that exercises
authority must not make statements that contradict laws and regulations, even by mistake. A court
ruling that holds the owner of a chatbot responsible for misinformation [12] puts the correctness
of information above information-delivery technology.

An organization may not have enough labeled data for supervised learning in order to fine-tune
a pre-trained language model. In our experiment data, the median number of sample queries linked
to a document is 3. The problem of insufficient amount of training data has been highlighted by
the concept of synthetic data for training language models [13]: computer-generated synthetic data
mimics the patterns of real-world data and amplifies the amount of training data. On the other
hand, Ling et al. [14] argue that the development of a business-specific language model across
organization borders will make LLMs a truly disruptive technology. Alternatively, retrieval-
augmented generation [15] can combine a pre-trained LLM with domain-specific knowledge.
Nevertheless, organizations may not want to use proprietary LLM-based services, such as
ChatGPT, due to privacy reasons or operate a private open-source LLM, such as Llama 3, if the
investment is not justified [16]. In the future, inexpensive, privacy-enhanced, and domain-
knowledgeable LLMs in the right language could be available in a plug-and-play mode, but that
topic lies outside the scope of this article.

The main objective of this work is to develop lightweight text similarity calculation methods for
a small text collection (thousands, not millions, of documents) that do not rely on supervised
learning or generative LLMs. By “lightweight”, we mean the settings similar to those of cosine
similarity [17] and BM25 [18]. Text similarity calculation-wise we expect those lightweight
methods to compete with off-the-shelf language models not fine-tuned for the particular text
collection.

Our text similarity calculation approach assumes that two terms that co-occur in a text span of
the query and a text span of the document imply some third meaning on top of the separate
meanings of the two terms. We posit that this third meaning, formalized in a text similarity score,
generates additional gravitational force between the query and a relevant document. A term pair
comprises terms t1 and t2, and co-occurrence coz, which leads to three weights: w(ty), w(t2), and
w(cos). The tuple (w(t1), w(cos)) adjusts the importance of the term by the importance of one co-
occurrence. In the entire document, the tuple (w(t), {w(co) | t € co}) adds even more influence of
the t-co-occurrences to the importance of t. This is analogous to a contextual word embedding,
with one significant difference: the context of t alters the importance of t, not the meaning of t as
in case of word embeddings.

We establish co-occurrence between two terms, not between two concepts made of word
embeddings. We experimented with clustering BERT word vectors into latent concepts;
unfortunately, the concepts did not work out. The problem and possible solution are discussed
along with future research in Section 7.2.

The novelty of this work revolves around the development of a method for measuring the
strength of pairwise term co-occurrence, adjusting the importance of a term by the importance of
its pairwise term co-occurrences, and theoretical motivation of the choices. Adjustment of the
importance of a term in the aforementioned manner analogous to contextual word embedding is
the centerpiece of this work.
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The contributions of this work are: (i) three text similarity calculation methods that utilize
pairwise term co-occurrence; (ii) applicability criteria for pairwise term co-occurrence in text
similarity calculation; (iii) testing practical usefulness of pairwise term co-occurrence against
sentence/paragraph embeddings created by an off-the-shelf language model, which is one of the
baseline methods; (iv) design principles for text similarity calculation by pairwise term co-
occurrence; (v) a unique data set, developed largely within the scope of this work, comprising a
variety of text types — email messages, web articles, fill-in forms, brochures — in a restricted
domain. The variety of the text types has made it possible to establish the applicability criteria
referred to in (ii).

Although a text similarity calculation method does not depend on its users, the flagship use case
we have in mind is public organizations. There is a large variety of specific knowledge domains
across the organizations. For instance, Sweden has 290 municipalities, 21 counties [19], and 367
agencies that report to the central government [20]. There are more than 90 thousand local
governments in the United States [21]. Globally, public organizations are significant consumers
of IR applications. Nevertheless, the use case of public organizations has not received much
attention from the IR research community since the rise of the large web-based and social-media-
based text collections. Our experiment data contributes to filling this void: the texts come from the
Swedish Social Insurance Agency, and the mixture of the text types is representative of a public
organization.

Another use case for pairwise term co-occurrence could be text similarity calculation on the
bottom of the technology stack. For instance, corpus-based question answering “relies on efficient
passage retrieval to select candidate contexts, where traditional sparse vector space models, such
as TF-IDF or BM25, are the de facto method” [22]. Furthermore, languages with scarce NLP
resources are generally more dependent on the “bottom of the technology stack” methods than
high-resource languages.

The article is organized as follows. The next section summarizes related research. Section 3
designs the three text similarity calculation methods enhanced by pairwise term co-occurrence.
Section 4 presents the experimental setup, whereas Section 5 presents and discusses the experiment
results. Section 6 summarizes the key takeaways. Section 7 concludes the article.

2 Related Research: Term Dependencies in Text Matching

The academic interest in plain-text term dependencies started with “A theoretical basis for the use
of co-occurrence data in Information Retrieval” [23], had its golden age during the first decade of
the 21st century, and came to decline along with the rise of word embeddings. Therefore, an
overview of the research on term dependencies in plain text is, to a large extent, a history tour.
Within the context of this article, two directions regarding term-dependency research in plain text
are most relevant. One direction considers term pairs, query terms that co-exist in a span of
document text. The other direction calculates the proximity of query terms in the document text.
The latest IR research trends assume word embeddings instead of words and make use of detailed
dependencies between concepts obtained by machine learning and large amounts of training text.

2.1 Term-Pair Enhanced Text Similarity Score

Some researchers have used term pairs as text categorization features by, for instance, Naive Bayes
Classifier. The sources of the term pairs differ. Terms from the title of the document may be paired
with terms from the abstract of the document [24], or link anchor texts from Wikipedia articles
can be the sources of potentially relevant pairwise term co-occurrences, as long as an anchor text
contains a “master unigram” from the document [25], [26] considered pairwise term co-occurrence
in a document without any restriction regarding the order and distance between the terms. The
relevance of co-occurrence was calculated as the number of documents that contained the term
pair in the targeted text category divided by the number of equivalent documents in the other text
categories.
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More often, however, term pairs have been applied in text matching for ad-hoc retrieval. Yang
et al. [27] calculated distance between tweets, average 8.56 words in a tweet. A set of term pairs
was built from terms that co-existed in individual short texts; stop words and rare term pairs were
removed. Thus, each short text became a subset of the term pairs. Let N(w) be a set of all terms
that co-occur with term w, and the distance measure between two terms w and v be
Jacc(w,v) = 1-[IN(W)NN(V)[/IN(W)UN(v)|. Then the distance between two term pairs is
d({w,w2},{v1,v2}) = Jacc(wi,v1)-Jacc(wi,v2)-Jacc(wz,vi)-Jacc(wz,v2)/4. The distance between two
short texts is the sum of the distances between each term pair in one text with each term pair in the
other text.

A more straightforward way to establish a term co-occurrence weight is to calculate normalized
pointwise mutual information between two terms [28] and add pre-calculated pairwise term co-
occurrence weights to unigram weights to build the text similarity score. In a similar spirit, Kim
et al. [29] established unidirectional associations between terms in a document and calculated
confidence of an association as c(t1,t2) = n12 / n1, where n12 is the number of documents that contain
t1 and t2, whereas ny is the number of documents that contain t;. The weight of t was recalculated
following the format A-w(t)+(1-1)-Zw(ti)-c(ti,t)/dl, where dl is document length, and used in vector-
space and language modeling framework for query-document similarity calculation.

Within the language modeling framework for text similarity calculation, Shi and Nie [30]
calculated the  strength of  pairwise term  co-occurrence as  probability
P({t1,t2}|Q)-log(P({t1,t2}|Dw)), where Q is the query and Dy is a context window in document text.
The final query-document similarity score was a polynomial of three equivalent scores calculated
for term co-occurrence, bigrams, and unigrams. Gao et al. [31] used statistical dependency parsing
in a query to create an acyclic, planar graph that linked query terms. Such a graph is, in essence, a
set of term pairs. The query-document similarity score was made from probabilities that individual
terms and linkages (i.e., terms pairs) appeared in the document.

2.2 Term-Proximity Enhanced Text Similarity Score

Term proximity has been considered for text retrieval with short queries because “phrases and
proximity terms have a strong positive impact on web retrieval effectiveness for extremely short
queries (2 or 3 terms), while they have less, or even negative, effect on longer queries” [32]. Our
literature study has identified two main paths towards utilizing term proximity in plain-text
matching. One path calculates query-document similarity as a polynomial of unigram weights and
the weights of term proximity features. The other path places the weights of term proximity
features into BM25 or the language modeling framework as modified term frequency.

2.2.1 Polynomial of Unigram Weights and Term-Proximity Weights

Query-document similarity score may take the format A-Xw(t)+(1-A)-Zw(c), where Zw(t) is a score
by BM25 or the language modeling framework, w(c) is a weight of term proximity features, and A
is a tuning parameter. The rest of this subsection describes how these w(c) or Xw(c) have been
calculated.

Rasolofo and Savoy [33] paired every query term with each other. In the document, a term-pair
instance weight was calculated as 1/d(t1,t2)?, where d(t1,t2) is the number of spaces between terms
t1 and t2. The final term-pair weight was calculated by the BM25 term frequency formula where
the sum of term-pair instance weights was used instead of the number of term occurrences in a
document. Some modifications of this approach have been tested [34]-[36].

Following the same logic, Lu et al. [37] built a collection of subqueries from the original query.
For each subquery, the document was split into non-overlapping intervals where one interval
contained all the subquery terms. Interval score(tief,tright) was calculated as IDF(tief)-IDF(tright) /
(pos(trigh)-pos(tierr)+1)?, where IDF is inverse document frequency. The score of the subquery was
calculated from the interval scores by the BM25 term frequency formula the same way as Rasolofo
and Savoy did [33].

83



Tao and Zhai [38] explored span-based (the largest or smallest span that covers all the query
terms in a document) and pairwise (the largest, smallest, and average distances between all query-
word pairs in a document) term proximities. In order to obtain a term proximity score, the term
proximity value p was placed into log(A+exp(-p)).

Cross term [39] is a pseudo term made from two neighboring query terms in a document. The
influence of a term t is modelled by a bell-shaped curve: cross term t1> occurs where the curves of
t1 and t2 intersect. The strength of t12 is the curves’ function value at the intersection point. Cross-
term frequency tf(ti2) in a document is calculated as follows: first, all the instances of ti> are
identified, then the sum of all the instances’ strength values becomes tf(ti2). The number of
documents that contain ti» is calculated as follows: first, an appearance value of t12 in a document
is calculated as tf(t12) divided by the number of instances of t12 in the document, then the number
of documents that contain ti2 is the sum of t1> appearance values across all the documents. The
cross-term frequencies and number of documents are included into BM25 and the language
modeling framework to calculate the cross-term text similarity score.

Sometimes, term proximity is not calculated explicitly. Instead, terms are required to be near
each other. One of the most cited works on term dependencies [40] combined unigrams, n-grams,
and groups of unordered terms within the language modeling framework for text similarity
calculation. The weight of a query unigram t was calculated as A-tf(t,D)/|D|+(1-A)-tf(t,C)/|C|, where
tf(t,D) and tf(t,C) are term frequency in the document and the entire document collection, |D| and
|C| are the number of terms in the document and the entire document collection. Likewise, the
weight of a query n-gram (an ordered sequence of two or more terms) and an unordered group of
query terms within a fixed-size context window were calculated.

Another method [41] identified noun phrases in a query: a proper name, a dictionary phrase
from WordNet, a simple phrase 2—4 words long with at least two “content words”, a complex
phrase that had one or more dictionary phrases or simple phrases embedded. During query-
document matching, the words from a query noun phrase were matched to fixed-size context
windows in the document; the matching rules varied for different types of noun phrases. If there
was a match, the weight of the noun phrase was its IDF. If the noun phrase was a complex phrase,
IDFs of the sub-phrases were added. The noun-phrase-based query-document similarity score was
the sum of all the above IDFs.

While a query term may not appear in a document directly, it may still be relevant to the
document topic-wise, “topic” as in topic modeling [42]. In a topic-mediated term weight, such
relevance is expressed as P(t|z)-P(z|D) — probability that term t belongs to topic z multiplied by the
probability that topic z belongs to document D.

Once the above weights of term proximity features were calculated, they were added to unigram-
based text similarity scores, which resulted in the final query-document similarity score.

2.2.2 Term Proximity Embedded in BM25 or the Language Modeling Framework

Song et al. [43] introduced term relevance contribution rc(t) that would replace the number of term
occurrences in a document in BM25. The value of rc(t) was calculated as follows: first, the
document was split into non-overlapping spans where each span contained as many unique query
terms as possible, then rc(t,span) = n(span)*/width(span)", where t is a query term, span is one of
the spans that cover t, n(span) is the number of query terms that occur in the span, A and Y are
tuning parameters. The final rc(t) was the sum of rc(t,span) across all the spans that covered t.

Pseudo-frequency [44] was used the same way as the above relevance contribution. For any
appearance of query term t in a document sentence, span covered the distance from t to the closest
other query term in the sentence. Pseudo-frequency was calculated as pf(t,span) =
1+1/width(span)”. If there was no span, then pf(t)=1.

The proximity language model [45] measured d(t) — distance score of a query term t in a
document — as either (i) the number of words from t to the closest other query term in the document
or (ii) the average, or (iii) the sum of the number of words from t to every other query term in the
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document. The term’s proximate centrality was calculated as 1/A%®, and worked into a query-
document similarity score by the language modeling framework.

TextRank [46] has copied the ideas of PageRank [47] and applied them to terms in a document,
where co-occurrence between two terms in a context window was defined as a link. TextRank has
been used for document retrieval with a fixed-size context window [48] and a dynamic sentence-
size context window [49], where query-document similarity was calculated by BM25, and
TextRank replaced the usual term frequency formula.

2.2.3 Machine-Learning Enhanced Text Similarity Calculation

ChatGPT took the world by surprise at the end of 2022 and demonstrated that IR is undergoing a
paradigm shift. LLMs is a big step forward in natural language understanding by computers. Some
researchers view GPT-4 “as an early (yet still incomplete) version of an artificial general
intelligence” [50].

LLMs are deep neural networks that are based on the highly scalable transformer architecture
[51] and have been pre-trained on massive amounts of data to learn representations of language
(or other data modalities). Pre-training LLMs involves self-supervision on tasks constructed from
unlabeled corpora, e.g., predicting a masked word based on its context (masked language
modeling) or predicting the next word in a sentence (next word prediction). Once pre-trained,
LLMs can either learn to perform a specific downstream task in a process, i.e., fine-tuning,
whereby some or all of its parameters are updated based on a relatively small set of labeled task-
specific examples, or through in-context learning [52], whereby a natural language description of
the task is provided in the LLM prompt itself, either with a few examples of input-output pairs
(few-shot learning) or without any such examples (zero-shot learning).

Given the size of recent LLMs, typically consisting of billions of parameters, and the
intractability of fully fine-tuning these for specific tasks, efforts have primarily focused on
parameter-efficient fine-tuning [53], [54], whereby a small set of additional parameters are trained,
or by improving the in-context learning capabilities of LLMs, whereby none of the LLM’s
parameters are updated, e.g., through chain-of-thought prompting [55] and combining reasoning
with action plan generation, e.g., ReAct [56]. In fact, recent LLMs, such as PaLM [57] and GPT-
4, have been shown to exceed the capabilities of smaller transformers like BERT, even without
fine-tuning. Recently, there has been considerable interest in improving the capabilities of LLMs
by allowing them to leverage external knowledge bases, i.e., retrieval-augmented LLMs, and tools,
I.e., tool-augmented LLMs. Some of these efforts fall within the scope of LLM-based autonomous
agents [58].

BERT is an example of a masked language model and arguably the most popular transformer
model before GPT revealed its capabilities. Similar to an LLM, a BERT language model is pre-
trained on a large amount of text and then fine-tuned for the particular downstream task. The
BERT’s ability to disambiguate a term by encoding the context of the term — the sequences of
neighboring terms to the left and to the right — into the embedding of the term has proved superior.
Sentence-BERT [59], alias SBERT, is optimized for sentence embeddings and is likely to work
with paragraphs as well.

BERT has been applied in automated question answering. Because transformers have fixed-
length input, e.g., 512 text tokens with BERT, a larger document is split into passages. After the
initial retrieval of passages by, for instance, BM25, the passages are re-ranked by BERT. The
query-passage similarity score may be the cosine similarity of query-passage text embeddings [60]
or the probability that the query and the passage are relevant, calculated by BERT as a binary
classification model [61], or the sum of selected cosine similarities for term embeddings in a query
and a passage [62].

For document retrieval, the document is split into overlapping passages, paragraphs, or
sentences. The aggregated score may be a linear combination of the initial query-document
similarity score (e.g., BM25) and the BERT-generated query-passage similarity scores [7], or only
BERT-generated first-passage score, or best-passage score, or the sum of all passage scores [63].
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A more advanced approach, different from score aggregation, is query-passage representation
aggregation [64]. The BERT embedding of a query-passage pair is a vector. The vectors are
aggregated across all the passages in the document, and then the query-document similarity score
Is calculated from the aggregation result.

3 Text Similarity by Pairwise Term Co-occurrences

Term pair is short for a pairwise term co-occurrence. A term pair is unordered; the co-existence
relationship has no direction. Bag of word pairs designates a collection of term pairs the same way
as bag of words designates a collection of terms. In Section 3.1, term co-occurrences are
established, and a bag of word pairs is created given a query and a document. In Sections 3.2 and
3.3, the bag of word pairs is used to calculate the numeric query-document similarity score.

3.1 Creating Term Pairs

Both the query and the document are split into text chunks, where a text chunk is a bag of words.

Hence, the query and the document each are a set of bags of words. In the literature, similar to our

text chunk is “context window”. The size of the window can be fixed, or depend on linguistic

features of the co-occurring terms [41], or have natural boundaries such as a sentence or a

paragraph [49]. The exact scopes of the text chunks for our experiments are defined in Section 4.3.
Given a query g and a document d, a bag of word pairs bowp is created as follows:

for each text chunk gch € q :
for each text chunk dch € d :
for each term t; € dch & t; € gch :
for each term t, € dch & t, € gch & t;, # t;1 :
if {ti,t2} & bowpthenadd {ti,t.} to bowp

This basic algorithm contains embedded “for each” loops, which makes it impractically slow in
case of too many text chunks in too many documents to process. Therefore, the document
collection should be indexed for speedy retrieval of a limited number of potentially relevant text
chunks and subsequent query-document matching. Indexing of the text chunks lies outside the
scope of this article.

If a text chunk contains n words, then the number of possible unordered term pairs in the chunk
is n-(n-1)/2. In the literature, pruning of pairwise term co-occurrences has been done by setting a
threshold for a co-occurrence weight calculated as

e mutual information within the boundaries of a sentence ([28], [65], [66]) or a document [67];
e the number of documents where a particular co-occurrence appears [36];
e Jaccard similarity coefficient [29].

In our bag of word pairs, the number of term pairs is reduced right from the start. Only the terms
that co-occur in both a document chunk and a query chunk are selected; term pairs appear during
a query-document matching process and disappear when the bag of word pairs is disposed of.
Furthermore, we reduce the number of eligible terms and term pairs by filtering out stop words.
We manually inspected a list of most frequent words in our experiment data and subjectively
selected the stop words. A complete list of the stop words is available in Appendix A.

3.2 Text Similarity by a Bag of Word Pairs

If a query-document matching instance generates a sufficient number of term pairs, we may
calculate text similarity using the term pairs only. The numeric value of the text similarity depends
on (i) how representative the co-occurrence in the document collection is and (ii) the weights of
the co-occurring terms.
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3.2.1 Term Loyalty and Inverse Chunk Frequency

We measure the importance of a pairwise term co-occurrence by two features: (i) how likely the
two terms are to appear in the company of each other as opposed to appearing independently of
each other, and (ii) how common the co-occurrence is in the collection.

Term loyalty measures the first feature of pairwise term co-occurrence. If n({ti,t2}) is the
number of text chunks in the document collection where both terms t; and t> appear, n(t1) and n(to)
are the numbers of text chunks where t1 and t2 appear either together or separately, then term
loyalty is calculated as

n({ty, t2})
max (n(t,),n(t;)) Q)

loyalty({ty, t}) =

Standard Jaccard similarity coefficient has the denominator n(ty)+n(t2)-n({t1,t2}), where both terms
are equal. We tried it, yet our denominator yielded slightly better retrieval precision. The more
frequent of the two terms turned out slightly more influential.

A representative for text similarity is a not-too-common co-occurrence with good IDF. Because
we have text chunks instead of documents, we measure inverse chunk frequency (ICF):

N
icf({ty, t2}) = log2 e )

where N is the total number of text chunks in the document collection (or in the collection of text
chunks). All our logarithms have the base 2, which was decided experimentally.

Shirakawa et al. [68] argue that the traditional IDF formula, if applied to phrases, assigns
disproportionally high weight to uncommon phrases. Shirakawa et al. propose more general IDF
formulas for n-grams where unigrams are a special case. If we replace n-grams in [68] Shirakawa
et al.’s formulas with our term pairs, we obtain formula (2). Therefore, we consider our ICF being
good enough.

We calculate pairwise term co-occurrence weigh as

w({ty, t2}) = loyalty({ty, t;}) - icf({ty, t2}) 3)

3.2.2 Query-Document Similarity Score
We calculate a numeric text similarity score as the sum of all the term-pair weights:
score(P) = 2 (w(tl) + w(tz)) w({ty, t2})
{t1,t2}eP (4)

where P is a bag of word pairs, the term weights w(t1) and w(t2) are not specified yet, and w({ty,t2})
is formula (3). Because a term appears in an unordered term pair only once, we can rearrange
monomials without changing the sum of the polynomial:

score(P) = Z wi(t) - Z w({t,*})
teT(P) (t7eP (5)

where T(P) is the set of terms from all the term pairs in P. Because we will reuse the sum of term
co-occurrence weights, we define it separately:

WEP) = ) w{t)
{t,*}eP (6)
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The text similarity score becomes

score(P) = Z w(t) - w(t, P)
teT(P) (7)

In formula (7), w(t) is affected by the co-occurrence of t with other terms in a number of text
chunks in the entire document: well-connected t and t having important connections becomes more
important itself. This is analogous to a contextual word embedding, except the context modifies
the importance of t, not the meaning of t.

Formula (6) is biased towards larger documents because they are likely to generate a larger
number of unique pairwise co-occurrences per term. A large non-relevant document may generate
many pairwise co-occurrences with weak w({t,*}) values and outcompete a small relevant
document with just a few strong w({t,*}) values. In formula (7), the bias is strengthened by more
terms in T(P) and, therefore, more iterations. In our experiments, the size effect had a strong
influence if the difference in document sizes was large, e.g., tenfold. In a collection of documents
with comparable sizes, the size effect was not noticeable.

We are not aware of any research regarding the normalization of term associations in a
document. We tested a few options on our own: normalization towards the density of term pairs
per text unit, normalization towards the density of pairwise co-occurrences per unique term in a
bag of word pairs, boosting documents shorter than average, and removing low-weight term co-
occurrences. Any attempt of normalization leads to a considerable precision drop in ad-hoc
retrieval. Most probably, straightforward normalization is not an option; for comparison, BM25
does normalization of term frequency by document length in a rather sophisticated way, see
formula (10).

In formula (7), the format of text similarity calculation is that of BM25: the formula iterates
through the terms shared by the query and the document and sums up their weights. Because BM25
is a state-of-the-art framework, we reuse BM25’s document term frequency and IDF and calculate
query-document similarity as

simpp(q,d) = score(P(q, d)) = Z idfgp (1) * dtfgy (0) - qtfrp(0) - W(t, P)

teT(P) (8)
_ N — df(t) + 0.5
idfpu (t) = log —3en 705 o)
tf4(t)
dthM(t) == d dl
tfd(t)+k1'<1—b+b'@) (10)

where N is the number of documents in the collection, df(t) is the number of documents that
contain term t, tfq(t) is the number of appearances of t in a document, dl is document length in
words, avgdl is the average document length in the collection. A good interval for ki is between
1.2 and 2 [69]; we experimented and set ki=2. The value of b was set to 0.75. Query term frequency
qgtfre(t) is the total number of occurrences of t in those query chunks that contain term pairs
{t,*}eP; the version of query term frequency used by standard BM25 and calculated by formula
(12) in Section 3.3.1 did not work well in formula (8).

In formulas (9) and (10), the scope of the text is the entire document, as required by BM25,
regardless of chunks; an attempt to apply formulas (9) and (10) to text chunks instead of documents
did not work well in our experiments.

Previous research ([39,] [43], [44]) has applied the term proximity within a document to modify
or replace tfq(t) in formula (10). In our experiments, modifying tfq(t) by formula (6) and placing it
back into formula (10) did not work. The reason is, arguably, the different scopes of tfy(t) and
formula (6): tfq(t) has the scope of a document, whereas term loyalty and ICF embedded in formula
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(6) have the scope of the text-chunk collection. We argue that collection-wide term co-occurrence
features, such as term loyalty and ICF, should have the same level of influence on term weights as
IDF has.

3.3 Bag of Word Pairs Combined with Bag of Words

BM25 and cosine similarity are two state-of-the-art bag-of-words matching methods. We
introduce term co-occurrence weights into both methods with the aim of increasing retrieval
precision without compromising recall.

3.3.1 BM25

BM25 has a number of similar alternatives introduced over the decades [18]. Our BM25 alternative
Is as follows:

simgy(q,d) = z idfgy (t) - dtfgpm (t) - qtfpm ()
tegnd (ll)

(ks + 1) - tfy (D
k3 + tfy ()

qtfgm (D) =
(12)

where idfsm(t) and dtfem(t) are formulas (9) and (10), tfy(t) is the number of appearances of term t

in a query. For ks, there are several options in the literature: ks=1000 ([70], [71]), ks=8 ([72]),

ks=1.2 ([73]), and k=0 ([74]). Because a larger ks value worked better for us, we set kz=1000.
Term co-occurrence weights enter BM25 as

simBMTp(q, d) = Z ideM (t) ' dthM(t) ’ qthM(t) ’ (1 +0.5- W(t, P))
teqnd (13)

The reader may observe that formulas (8) and (13) are similar but different: (i) formula (13) iterates
through the terms shared by the query and the document, whereas formula (8) narrows down the
set of terms to only those in the bag of word pairs; (ii) gtfsm(t) and qtfre(t) are calculated
differently; (iii) formula (13) has “1+0.5” whereas formula (8) has not. The differences come from
the design of the formulas: in formula (8), term weights strengthen term co-occurrence weights,
whereas in formula (13), the term co-occurrence weights have been included to strengthen the term
weights.

3.3.2 Half of the Co-occurrence Weight

In formula (13), the multiplier 0.5 was initially established as an empirical constant with its best
value between 0.4 and 0.6. The value 0.5 also has a rational explanation. Let w(t) be
idfem(t)-dtfem(t)-gtfem(t), then formula (13) can be expanded as

w(ty) + 0.5-w(te)-(w(ts,t) +...) + w(t2) + 0.5-w(to)-(W(ty,t2) +...) +... =

w(ty) + w(tz) + 0.5-w(ts, ) (w(ts) + w(t2)) +...

Either half of the co-occurrence weight is applied to each of the two terms in the co-occurrence,
which is 0.5-w(ty,t2)-(w(t1) + w(t2)), or the entire co-occurrence weight is applied to the average
of the two-term weights, which would be w(t1,t2)-0.5-(w(t1) + w(t)).

Sordoni et al. [75] expressed concern that combining scores obtained separately from matching
single terms and from matching compound dependencies may count a dependency twice, as a
compound and as a component. Indeed, our experiments confirm Sordoni et al.’s [75] concern
about the excess impact of term dependencies: applying the entire co-occurrence weight to each
term in the co-occurrence lowered retrieval precision. Therefore, formula (13) applies only half of
the co-occurrence weight to each of the two terms in the co-occurrence.
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3.3.3 Cosine Similarity
Cosine similarity is calculated as

N
N q.-d
simgs (g, d) = —=1=t 1
\/Z%\Ll qi? - \/Z%\Ll d;”
(14)
where g; and d; are term weights calculated as
wes(t) = tf(t) - idf(t) (15)

where the scope of term frequency is the entire query or document, and the scope of IDF is
documents in the document collection. We include pairwise term co-occurrence in cosine
similarity as term weight

It is difficult to trace how the multiplier 0.5 impacts formula (14), but our experiments confirm
that the logic explained in Section 3.3.2 holds here as well: each of the two terms in a co-occurrence
gets a fair half of its co-occurrence weights.

4 Experimental Setup

The text similarity calculation methods (listed in Table 1) were tested in ad-hoc retrieval. The test
target methods — TP, BMTP, and CSTP — make use of pairwise term co-occurrence. Two baseline
methods — BM and CS — are still state-of-the-art unigram-based text similarity calculation
methods. Two other baselines — KIM and YANG — also use pairwise term co-occurrences, but of
adifferent kind. Finally, SBERT uses a pre-trained language model to generate sentence/paragraph
embeddings. SBERT is arguably the most popular sentence/paragraph transformer, with over 6000
language models released on HuggingFace [76].

Table 1. Tested text similarity calculation methods

Acronym Method Description
Test target methods
TP Formula (8) Term-pair-based text similarity without unigrams
BMTP Formula (13) BM25 with term co-occurrence weights in term weights
CSTP Formulas (14)+(16) | Cosine similarity with term co-occurrence weights in term weights
Baselines
BM Formula (11) BM25, unigrams only
CS Formulas (14)+(15) | Cosine similarity, unigrams only
KIM [29]; Section 2.1 Unidirectional term associations transfer influence of one term to the

other term; normalization by document length; A = 0.5

. . Jaccard distance between two terms by co-occurring terms in short texts,

YANG [27]; Section 2.1 then distance between term pairs, then distance between texts
Cosine similarity

SBERT between text

embeddings

Off-the-shelf SBERT for sentence/paragraph embeddings without fine-
tuning the BERT language model; more details in Section 4.4

4.1 Document Collection

The experiment data was two document collections. One document collection was email messages
sent by citizens to handling officers of the Swedish Social Insurance Agency. The other collection
was documents from the website of the same agency. All the texts were in Swedish, which belongs
to the Germanic branch of Indo-European languages.
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The email messages were released to a group of researchers within an earlier research project.
After cleaning the data, we got 8630 plain-text messages with no metadata. Table 2 shows the
eight text categories of the messages, the number of messages per category, and the average
number of words per message after compound splitting, without stop words. The sum of the
category messages is more than the total because 43 messages belong to two categories.
Development of the email collection is covered in [77].

Table 2. Email categories, the number of messages per category, and the average humber of terms per
message with standard deviation

Identifier Category title Number of Avg message size
messages

Catl Please send me a fill-in form 390 17.94 £ 14.91
Cat2 When will you decide my housing allowance? 290 16.16 + 9.83
Ccat3 l:hoi\llé?many days of parental benefits do remain for my 181 17.31 + 13.89
Cat4 How much will | get in my future pension? 148 19.92 £ 13.73
Cat5 When do | get my money? 1285 16.07 + 11.93
Cat6 Questions regarding child allowance 192 31.17 £ 25.78
Cat7 Please send me a European Health Insurance Card 59 17.03 + 13.46
Rest All other messages 6128 28.22 + 38.70

Total 8630 25.26 + 33.95

The email messages contained many unusual abbreviations whose meanings one could guess
from the context; therefore, we expanded as many abbreviations as we could while doing spelling
corrections. We removed greetings and pleasantries, such as “dear sir/madam”, “sincerely yours”
and similar, as well as advertisements attached at the end of the messages by free email accounts.
In matching email queries to email documents, such duplicate pieces of text would generate term
co-occurrences that falsely signal text similarity.

The website documents were references by an XML sitemap for search engines. Table 3 outlines
the structure of that document collection. 154 web articles, 70 fill-in forms, and 27 brochures were
linked as relevant documents to at least one query according to the relevance criteria defined in

Table 5. The other documents merely filled the collection.

Table 3. Documents from the website, the entire collection

Web articles PDF documents
Relevant fill-in Relevant Total
Relevant Other forms brochures Other num
Num Size Num Size Num Size Num Size Num Size
154 806 + 437 392 + 70 342 + 27 31628 + 1387 9048 + 2075
857 689 256 31800 11823

Because formula (6) is biased towards larger documents, we created a reduced-size document
collection outlined in Table 4. We kept all the web articles and fill-in forms, calculated their
average size and the standard deviation, and removed PDF documents larger than the just-
calculated average size plus standard deviation.

Table 4. Documents from the website, the reduced-size collection

Web articles PDF documents
=i Total num
Num relevant Num other Num fill-in Num brochures Num other
forms
154 437 70 1 454 1116
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In all HTML documents, navigation blocks, headers, and footers were removed. Fill-in forms
share captions to identify a person (name and surname, social security number, town and zip-code,
etc.), the organization, and bureaucratic procedures; such duplicate pieces of text were removed
from fill-in form queries but remained in the documents to be retrieved.

For bag of words and bag of word pairs, compound words were split into components, all words
were lemmatized.

4.2 Linking Documents to Queries

The relevance criterion for matching email queries to email documents is straightforward: if both
belong to the same text category, Catl-Cat7, the document is relevant to the query.

Five email categories — Catl, Cat2, Cat3, Cat6, and Cat7 — were selected as the source of email
queries that may have relevant website documents. Cat4 had no relevant website documents
because the social insurance agency had discontinued handling pensions. Cat5 was a too-large
category with diverse, complex, and personal inquiries; therefore, these messages were not linked
to website documents. An annotator processed each candidate query individually and linked the
documents by binary relevance judgments according to the criteria in Table 5. Once the email
messages were linked to the documents, another round of query-document relevance judgments
was carried out: the web articles and fill-in forms linked to the email queries became candidate
queries themselves linked to web articles, fill-in forms, and brochures.

The relevance criteria in Table 5 were defined by an annotator who had previous experience
with the texts from the Swedish Social Insurance Agency and assessed by a reviewer. Both
researchers were in agreement regarding the relevance criteria.

Table 5. Query-document relevance criteria

Relevant document

Query . o
Web article Fill-in form Brochure
Email The article answers the issue | The form is  explicitly | The brochure  explicitly

posed in the query. However, | requested, or the query mentions the issue posed in the
the answer is generic and does | suggests that the author would | query. A brochure does not
not address every nuance @ like to apply for a public  normally answer a specific
found in the query. Think | service that requires filling the | question.
FAQ. application form.

Web article | (i) The same information either | The query addresses a public @ The brochure  explicitly
summarized or more detailed. = service which requires an @ mentions the issues addressed
(i) A subtopic of the query; ' application by filling the form. | in the query. If there are no
e.g., the query addresses Usually the form, or its online @ issues, the brochure describes
subsidies for health-related @ equivalent, is linked from the | the public service addressed in
work aids, the linked article | query text. the query.
addresses subsidized hearing
aids. (iii) An equivalent service
for a different group of
recipients; e.g., one articles
addresses sickness benefit for
those studying in Sweden, the
other one — for those studying
abroad.

Fill-in form | The article addresses a public = (i) Both forms address the ' The brochure describes parts of

service that makes use of the
fill-in form. Usually the article
has a link to the form or its
online equivalent.

same service but with different
details. (ii) The main and
supplementary application
forms are treated as mutually
relevant.

a public service that make use
of the fill-in form. Typically,
the query is an application
form.

Table 6 shows the number of queries that have at least one relevant web article, fill-in form, or

brochure.
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Because we had more than a thousand queries, and each query required individual research, we
could not afford to have another annotator repeat the process in order to calculate inter-annotator
agreement, nor there were any annotators with domain experience readily available. As a means
of quality control, we randomly selected 20% of the queries per email category (at least 20
messages), 20 web-article queries, and 20 fill-in-form queries to be inspected by a reviewer. The
inspection addressed precision-related, not recall-related, judgments because our goal was to
compare the precision of text-matching methods at the existing recall values. The review did not
lead to any changes in the query-document relevance judgments. The review ensured that the
query-document relevance judgments maintained a high quality and that the relevance criteria had
been consistently applied.

Table 6. Number of queries that have at least one relevant web article, fill-in form, or brochure

Relevant document
Query

Web article Fill-in form Brochure
Email 725 230 564
Web article 82 54 64
Fill-in form 41 34 30

4.3 Scope of Pairwise Term Co-occurrence

Previously, we have worked with sentence-wide and paragraph-wide text-pattern matching [78].
In this research, we proceeded with natural text-chunk boundaries and experimentally selected two
scopes of pairwise term co-occurrence: a sentence or the entire query text. Table 7 defines the use
of the scopes.

Table 7. Profiles of pairwise term co-occurrence context

Min size Query Document
Acronym \?vfo?dbggi?; Text type Scope of a text chunk Text type Sco%eh?;;i text
$g; (2) Email message Entire query text
$gi (2) Web article Sentence Any Sentence
$gg (2) Fill-in form Entire query text

We have organized the scopes of text chunks into six profiles of pairwise term co-occurrence
context. Profiles TC1, TC3, and TC5 require that a query-document matching instance generates
at least two term pairs for text similarity calculation by formula (8). This makes the density of
relevant documents higher and inflates precision while lowering recall because some relevant
documents are lost.

Profiles TC2, TC4, and TC6 allow text similarity calculation with zero or more term pairs, which
guarantees 100% retrieval recall and non-inflated precision.

4.4 Text Segmentation for SBERT Embeddings

We used the Python’s SentenceTransformer framework and a pre-trained language model [79] for
generating SBERT text embeddings. The pre-trained language model was not fine-tuned for our
text corpus in order to allow for a fair comparison with the TP, BMTP, and CSTP text similarity
calculation methods that are not based on supervised machine learning. Neither did our use case
have much fine-tuning data.

Because an SBERT embedding limits a piece of input text to 512 BERT-tokens, web articles
and brochures were split into paragraphs (pieces of text typically focused on a single issue), each
paragraph got an embedding, and mean pooling was used to obtain the document embedding. The
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overwhelming majority of email messages were less than 512 BERT-tokens long; therefore,
almost every message got its own embedding. The few longer texts were split into a maximum
400-token spans; each span got an embedding, and mean pooling was used to obtain the document
embedding. Fill-in forms contain abrupt captions, splitting the text into paragraphs did not work
well, therefore fill-in forms were processed the same way as email messages.

Table 8 defines the profiles of text segmentation for SBERT text encoding before any mean
pooling of the embeddings is applied.

Table 8. Profiles of text segmentation for SBERT text encoding

Query Document
Acronym Scope of a text Scope of a text
Text type embedding Text type embedding
TC7 Email message or Entire document text or a
Email message or Entire query text or a fill-in form 400-token span
TCS8 fill-in form 400-token span Web article or Paragraph
brochure
TCY Fill-in form Entire document text or a
. 400-token span
Web article Paragraph Web article or
TC10 Paragraph

brochure

4.5 Performance Measures

We used mean average precision (MAP) and mean precision at one (mean P@1) to compare the
text similarity calculation methods listed in Table 1.

Precision is the share of retrieved documents relevant to the query among all the retrieved
documents. Precision at k (P@k) is precision for the top k retrieved documents. P@1 has two
possible values: 1 if the top retrieved document is relevant to the query and 0 otherwise. Mean
P@1 across all the queries is calculated as

1
M P@1 = — P@1
ean |Q| Z q
qeQ (17)

where Q is the set of queries. Average precision for query g — APg, and MAP across all the queries
are calculated as

1 n
AP, = NE P@K - rel(k)
k=1 (18)

1
MAP = — AP,
1Ql Z 4
qeQ (19)

where n is the number of retrieved documents, N is the number of retrieved relevant documents,
rel(k) is 1 if the k™ document is relevant to the query, and 0 otherwise.

For precision of email retrieval by email queries, we have two averages — micro average and
macro average. For the micro average, we calculated MAP and mean P@1 across category
borders. Our macro average was calculated from the seven precision values of Cat1-Cat7. Macro
average reflects the average across topics, disregarding the number of documents per topic.

If an average value is shown with a confidence interval, the confidence level is 95%.

In order to demonstrate MAP gain by one method over another one, we subtracted the two MAP
values. If the confidence intervals of the two MAP values did not overlap, the MAP gain was
statistically significant. Mean-P@1 gain was calculated the same way.
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Recall is the share of retrieved documents relevant to the query among all the relevant
documents in the collection. Because precision was always measured for all the retrieved
documents at maximum recall, we did not consider any precision-recall trade-off and did not
measure the F-score.

5 Results of Ad-hoc Retrieval

Two rounds of tests were carried out. First, we matched email queries to email documents. After
that, we tested retrieval of website documents according to the relevance criteria defined in
Table 5.

5.1 Retrieval of Email Messages

The document collection was all the messages in Catl-Cat7 and Rest; the queries were all the
messages from Catl-Cat7. We tested the text similarity calculation methods defined in Table 1,
except TP. TP was excluded because an average email-email matching instance generated 2.76
pairwise term co-occurrences, too few for text similarity calculation based solely on term co-
occurrences.

Table B1 in Appendix B shows all the MAP and P@1 values; Table 9 summarizes the winners.
There is close competition between BMTP and SBERT, and they tend to outperform the other text
similarity calculation methods.

Table 9. Winning precision values. Source: Table B1 in Appendix B

Catl = Cat2 @ Cat3  Catd  Cats  Cat6 | Cat7 A Micro | Macro

avg avg
Recall 100 100 100 100 100 100 100 100 100
MAP 17.87 62.83 71.06 36.31 38.97 21.31 39.34 35.70 35.05
Method BMTP = SBERT BMTP | SBERT | SBERT BMTP | SBERT @ SBERT BMTP
Mean P@1 51.03 85.52 86.19 61.49 72.45 47.92 66.10 67.39 63.39
Method SBERT | SBERT CSTP SBERT = SBERT BMTP BMTP = SBERT | SBERT

Figure 1 shows the performance trends across email categories. One method — YANG — stands
out as a poor performer. The method is ingenious for retrieval of microblog posts, on average 8.56
words long. Email messages, on average 25 words long (see Table 2), have a too large scope of
co-occurrence for the YANG method.
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Figure 1. Overview of precision values per text similarity calculation method. Source: Table B1 in
Appendix B

The other method that does not follow the trends is SBERT. With SBERT, two embeddings are
similar if both email texts adhere to a common language model; the similarity is not overly focused
on the presence of common subject-relevant words.
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Table 10 shows precision gains. CSTP and BMTP perform almost always better than CS and
BM. BMTP vs. SBERT, the two best-performing text similarity calculation methods, succeed and
fail with large margins in different text categories, and all the MAP differences are statistically
significant.

Table 10. Precision gains. Source: Table B1 in Appendix B. Statistically significant gains (confidence
intervals of the two average-precision values do not overlap) have bold typeface.

Catl Cat2 = Cat3 Catd Cats Cat6  Caty | icro  Macro

avg avg
MAP gain
CSTP-CS 0.46 13.81 11.88 3.79 -0.33 5.60 3.48 3.04 5.53
BMTP-BM 0.16 8.35 7.14 1.15 0.01 3.15 1.37 1.83 3.05
BMTP- SBERT 410 | -1255 31.15 -6.36 -11.69 9.45 -11.73 -4.41 0.34
BMTP-KIM 0.11 6.74 4.18 1.10 -0.26 3.05 0.92 1.27 2.26
Mean-P@1 gain
CSTP-CS 1.02 17.59 11.05 6.76 1.71 13.54 8.47 5.43 8.59
BMTP-BM 1.79 6.55 8.84 0.00 1.71 5.73 13.56 3.26 5.46
BMTP- SBERT -4.88 -5.51 16.02 -7.44 -13.93 4.17 6.78 -7.23 -0.68
BMTP-KIM -0.26 4.48 4,97 2.02 -0.62 5.21 11.86 1.30 3.96

Precision gains in Cat5 are dominated by negative numbers. The success of SBERT in Cat5
suggests that the relevance criterion of Cat5 prioritizes similar background stories without
category-representative keywords.

5.2 Retrieval of Website Documents

We did two retrieval precision measurements: one with the profiles of pairwise term co-occurrence
context TC1, TC3, and TC5, which may filter out some query-relevant documents and thus lower
recall; the other one at 100% recall.

5.2.1 Retrieval at Close to 10096 Recall

Table B2 in Appendix B shows retrieval precision from the entire web document collection. While
term co-occurrences improve retrieval of brochures, cosine similarity remains superior for retrieval
of web articles and fill-in forms. Table B2 demonstrates the bias of formula (6) towards large PDF
documents (see Section 3.2.2), which are often non-relevant but overshadow much smaller
relevant web articles and fill-in forms.

In order to lessen that bias, we tested the retrieval of web articles and fill-in forms from the
reduced-size document collection without the large PDF documents. Table B3 in Appendix B
shows the results. Table 11 summarizes the winners.

Table 11. Winning precision values for website document retrieval. Source: Table B2 and Table B3 in
Appendix B. Precision values by a method that utilizes pairwise term co-occurrence have bold typeface.
“M?” stands for email messages.

Relevant Reduced-size document collection Entire document collection
documents A (web articles) F (fill-in forms) B (brochures)

Query M A F M A F M A F
Recall 90.26 99.09 100 84.80 100 98.53 97.30 100 100
MAP 44.89 51.46 47.25 25.21 23.06 55.90 35.68 36.04 46.53
Method TP CS TP BMTP BM BM CSTP TP BMTP
Mean P@1 40.74 51.22 48.78 12.75 11.11 47.06 19.54 34.38 36.67
Method TP TP TP BMTP BM BM CSTP TP BMTP

In Table B2 and Table B3 in Appendix B, we observe that KIM and BM have very close, often
identical, precision values. KIM has a BM25 component and a unidirectional term association
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component, where the latter is normalized by document length. With large documents, the
normalization reduces the value of the unidirectional term association component towards zero,
and KIM becomes BM.

5.2.2 Retrieval at 100% Recall

Table B4 in Appendix B shows the precision values; Table 12 summarizes the winners. The
influence of pairwise term co-occurrence is similar to that in Table 11, except for F-A retrieval.

Table 12. Winning precision values for website document retrieval at 100% recall. Source: Table B4 in
Appendix B. Precision values by a method that utilizes pairwise term co-occurrence have bold typeface.
“M? stands for email messages.

Relevant Reduced-size document collection Entire document collection
documents A (web articles) F (fill-in forms) B (brochures)

Query M A F M A F M A F
Recall 100 100 100 100 100 100 100 100 100
MAP 39.15 51.06 28.59 21.97 23.04 63.71 33.49 35.60 34.47
Method BMTP CS CS BMTP BM BM CSTP BMTP | BMTP
Mean P@1 32.07 51.22 19.57 11.34 11.11 58.82 17.94 29.69 16.67
Method BMTP BMTP = SBERT | BMTP BM BM CSTP BMTP BMTP

Figure 2 illustrates the precision trends:

e For brochures as relevant documents, the solid line of BMTP dominates the top of the pile,
although CSTP is the top performer with email queries.

e For web articles as relevant documents, most curves form a compact cluster with similar
precision values. CS and BMTP are the top performers, while SBERT has slightly better P@1
with fill-in form queries.

e For fill-in forms as relevant documents, the thin dotted lines of BM and CS — bag-of-words
text similarity calculation methods — dominate the top of the pile; still, BMTP is best with
email queries.

SBERT did not turn out to be a top performer, and there are several reasons for that:

e Brochures are large documents, and the mean pooling of paragraph embeddings does not
produce a good document embedding.

e SBERT performs on par with the other text similarity calculation methods when articles are
the relevant documents and performs worse than the others when fill-in forms are the relevant
documents. SBERT has been trained on a large natural language corpus; semi-structured text
requires a differently trained language model.

e SBERT did not repeat the success of email retrieval by email queries. While some email text
categories grouped messages with similar wordings, web-document retrieval had individual
query-document relevance criteria defined in Table 5, and those relevance criteria did not
assume similar wordings.

e A language model is trained assuming a certain human language style. Transformer-based
NLP is sensitive to nuances: “stopwords and punctuation, which are often ignored by
traditional IR approaches, play a key role in understanding natural language queries by
defining grammar structures and word dependencies” [63]. The colloquial language style of
email messages apparently does not match the formal language style of website documents;
therefore, SBERT has the lowest precision with email queries. Polignano et al. [80] were aware
of the matter when they trained an Italian BERT model “from scratch on social network
language, Twitter, in particular, because many of the classic tasks of content analysis are
oriented to data extracted from the digital sphere of users”.

97



Brochures as Relevant Documents Brochures as Relevant Documents

40 40
30 30
® ®
a 70 = 20
<<
s o
10 10
- - - - -
0 0 - ——— —— —
M A F M A F
Articles as Relevant Documents Articles as Relevant Documents
60 60
50 50
40 Z° N 40 LN
xX > ~ X 7/ N
% 30 > N = 30 \
- ~ ® 7
> o Y
20 20 7
4
10 10
0 0
M A F M A F
Fill-in Forms as Relevant Documents Fill-in Forms as Relevant Documents
70 70
60 60
50 50
X 40 £ a0
< 7 ®
s 30 2 9 30 y
20 4 20 P
7
10 - - = - o 10 P d “
0 0 - - - =
M A F M A F
Queries Queries
cs CsTP BM cs CsSTP BM
BMTP = @= SBERT BMTP = @= SBERT

Figure 2. Overview of precision values per text similarity calculation method. Source: Table B4 in
Appendix B.

5.2.3 Precision Gains

Table 13 demonstrates that pairwise term co-occurrence is certainly beneficial for M—A and M-B
retrieval, which has only positive precision gains, often statistically significant. Retrieval of
brochures has mostly positive precision gains. Retrieval of fill-in forms has mostly negative
precision gains.

The main conclusion from Table 13 is that pairwise term co-occurrence is beneficial if (i) a
query is considerably smaller than the relevant documents and (ii) the relevant documents tell
stories as opposed to the structured “artificial” text of fill-in forms. “Considerably smaller” would
be, on average, 32 (M-A), 39 (A-B), 92 (F-B), and 1259 (M-B) times smaller.

We would like to emphasize the difference between two notions of “influence of document size:

e Formula (6) is biased towards larger documents in the collection. In order to counteract this
size influence, we have two test collections of website documents (see Table 3 and Table 4).

e Pairwise term co-occurrence improves text similarity score if a query is much smaller than the
relevant documents. The size difference makes two bags of words unequal, and the meanings
of the co-occurrences on top of the meanings of both terms compensate for this inequality,
thus improving text-matching accuracy. We do not counteract this size influence; it yields a
better text similarity score.

Bag of words still stands strong if (i) the relevant documents have structured text, e.g., fill-in
forms; or (ii) the query and the document have equivalent sizes and rich vocabulary, e.g., both are
webpages.
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Table 13. Precision gains. Source: Table B2, Table B3, and Table B4 in Appendix B.
Statistically significant gains have bold typeface. “M” stands for email messages.

Relevant Reduced-size document collection Entire document collection
documents A (web articles) F (fill-in forms) B (brochures)
Query M A F M A F M A F
MAP gain

TP-CS 14.18 -2.43 10.53 0.87 -4.71 -11.58 5.82 14.8 29.44
TP-BM 11.34 -0.81 12.65 -3.21 -8.6 -22.8 14.35 2.36 10.83
CSTP-CS 3.35 -5.99 -8.00 -0.37 -3.12 -12.43 13.73 -2.06 -3.52
BMTP-BM 9.39 -0.35 3.95 1.03 -6.73 -10.03 8.62 1.92 5.36

Mean-P@1 gain

TP-CS 21.03 3.66 24.39 1.47 -1.85 -11.76 4.79 26.57 20.58
TP-BM 18.09 6.10 31.71 -0.98 -9.26 -29.41 3.55 14.07 7.24
CSTP-CS 191 -4.88 2.44 -0.84 1.86 -8.82 10.97 1.57 -3.33
BMTP-BM 11.96 6.10 7.31 0.84 -9.26 -14.70 5.58 9.38 6.67

6 Key Findings

There is no universally best text similarity calculation method. Section 6.1 summarizes the cases
where pairwise term co-occurrence is likely to perform better than the baselines defined in Table
1, whereas Section 6.2 summarizes the design principles of text similarity calculation methods that
use pairwise term co-occurrence.

6.1 Applicability of Pairwise Term Co-occurrence in Text Similarity Calculation

So far, we have discovered two situations where pairwise term co-occurrence is expected to be
beneficial:

e Both the query and the documents are compact yet informative pieces of text, such as email
messages (see Section 5.1). With compact queries and documents, small bags of words may
not have enough terms for a conclusive text similarity score, and pairwise term co-occurrence
weights give the score a boost in the right direction. MAP and P@1 gains were as high as 5.53
and 8.59 percentage points, respectively (see Table 10).

- In email retrieval by email queries, BMTP and SBERT have performed on par but had
large precision differences for different relevance criteria. SBERT is likely to perform
better if the relevance criteria rely on the same overall story and detailed relationships
between all the words. BMTP is likely to perform better if the overall stories vary but refer
to subject-relevant words, which enables subject-relevant term co-occurrences.

e The query is much smaller than the relevant documents in the collection. The size difference
makes two bags of words unequal, and pairwise term co-occurrence steps in to compensate
for this inequality (see Section 5.2.3). MAP and P@1 gains were as high as 29.44 and 31.71
percentage points, respectively (see Table 13).

In two situations, pairwise term co-occurrence is not likely to be beneficial:

e The queries and the relevant documents are larger than the aforementioned compact pieces of
text and have equivalent sizes. Their bags of words are sufficient for text similarity calculation;
pairwise term co-occurrence here is more of a distraction than a help.

e The relevant documents in the collection lack natural language flow, e.qg., fill-in forms have
captions as the major information carriers.
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6.2 Design and Implementation Principles of Pairwise Term Co-occurrence in Text
Similarity Calculation

While doing this research, we came across and tested a few design and implementation principles
for calculating text similarity enhanced by pairwise term co-occurrence.

Half of the co-occurrence weight. If unigram-based text similarity calculation is enhanced by
pairwise term co-occurrences in monomials such as w(ty)-w({ts,t2}) and w(tz)-w({t1,t2}), the
monomials should be w(t1)-(0.5-w({t1,t2})) and w(t2)-(0.5-w({t1,t2})) instead (see Section 3.3.2).

Normalization of term co-occurrence weights. While normalization of term frequency by
document size is common in unigram language models, normalization failed when we tried to
normalize our term co-occurrence weights by document size or an equivalent score if document
sizes in the collection were large or different (see Section 3.2.2). We believe that normalization of
term co-occurrence weights by a single document-specific score is likely to be counter-productive.

Influence of in-document vs. collection-wide term features. Some previous research has applied
in-document term proximity features to modify in-document term frequency in BM25 and the
language modeling text-matching framework. In our experiments, modifying tfq(t) in formula (10)
by term co-occurrence weights did not work. We argue that collection-wide term co-occurrence
features, such as term loyalty and ICF, should have the same level of influence on term weights as
IDF has (see Section 3.2.2).

Scope of pairwise term co-occurrence. Text similarity formulas do not define the scope of
pairwise term co-occurrence. In Section 4.3, we have defined the scopes of pairwise term co-
occurrence for different queries — email messages, web articles, and fill-in forms; the scopes were
established experimentally. The scope of pairwise term co-occurrence influences precision;
therefore, choosing the right scope matters.

Duplicate pieces of text. During text pre-processing, we removed non-relevant duplicate pieces
of text, such as greetings and farewell pleasantries in email messages, as well as headers, footers,
and navigation aids in web articles. If a query and a document contain the same non-relevant piece
of text, that piece contaminates the bag of word pairs at the rate n-(n-1)/2 pairs per n-word piece
of text. Because of the same reason, plagiarized text, citations, and duplicate text generated by a
content management system, present in both the query and the document, may over-dominate the
text similarity score.

7 Conclusions

Our research demonstrates that a lightweight text similarity calculation method, equivalent to
cosine similarity and BM25 and augmented by pairwise term co-occurrences, can perform on par
with an off-the-shelf language model not fine-tuned for the particular text collection.

We do not claim that pairwise term co-occurrences would outperform a fine-tuned language
model or an LLM with sufficient domain knowledge. Rather, the advantage of our text similarity
calculation methods depends on the use case. Two types of use cases — public organizations, local
governments in particular, and the bottom of the technology stack — have been introduced in
Section 1.

7.1 Novelty, Contributions, Limitations

The novelty of this work revolves around the development of a method for measuring the strength
of pairwise term co-occurrence and using this strength to modify the importance of a term (see
Section 3.2.2). The method is analogous to a contextual word embedding, except in our case the
context of a term modifies the importance, not the meaning of the term.

The contributions of this research are:

e Text similarity calculation formulas (8), (13), and (14) together with (16).

o Applicability criteria for pairwise term co-occurrence in text similarity calculation, stated in

Section 6.1.
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e Testing text similarity calculation by pairwise term co-occurrence vs. an off-the-shelf
language model not fine-tuned for the text collection. While both perform on par for email
retrieval by email queries, the mean pooling of paragraph embeddings for long documents
made the performance of the language model poor. Also poor was the performance of the
language model for retrieval of structured texts of fill-in forms.

e Design and implementation principles for text similarity calculation enhanced by pairwise
term co-occurrence; the principles are listed in Section 6.2.

e Unique data set of text types representative of public organizations: email messages, web
articles, fill-in forms, and brochures. We have contributed labeled data for measuring retrieval
precision that is difficult to obtain and is time-consuming and expensive to develop. Starting
out with some labeled data (categorized email messages), we established new relevance links
between email messages, web articles, fill-in forms, and brochures (see Section 4.2). The
variety of the text types has made it possible to establish the applicability criteria stated in
Section 6.1. We will be happy to share our data with interested researchers.

We have tested our text similarity calculation methods using a variety of public-organization
text types. This is a stronghold and also a limitation of the work. It is the stronghold because the
use case of public organizations has been poorly addressed by the IR research community (since
the rise of the large web-based and social-media-based text collections), which opens a niche for
us. It is also a limitation because we are not aware of similar collections of labeled data
representative for public organizations, which leads to difficulty in better verifying the use case.

7.2 Future Research

Although we have tested formulas (8), (13), and (14)+(16) for retrieval of documents
representative of public organizations, we believe that the formulas are applicable to other kinds
of documents as well as long as (i) text is the main information carrier and (ii) the requirements to
the queries and the documents stated in Section 6.1 are fulfilled. Nevertheless, the other kinds of
documents remain to be tested.

Text matching using terms, not the meanings of the terms modeled by word embeddings, is “old
school”. We did experiment with clustered BERT word vectors as latent concepts; however, the
concepts did not work out. With narrow clusters, each term instance in the text became its own
concept that did not match any other instance of the same term, whereas wider clusters
encompassed loosely related terms and made concept co-occurrences unusable. Timkey and van
Schijndel [81] have explored this kind of problem and found that the culprits are one to five “rogue
dimensions”. Although these dimensions are not relevant for human-judged word similarity, they
dominate vector representation of contextual word embeddings and interfere with cosine similarity
that measures the semantic similarity of two words. For us, identifying and correcting those “rogue
dimensions” would enable pairwise concept co-occurrence instead of term co-occurrence.

Because formula (6) is biased towards larger documents (see Section 3.2.2), passage retrieval is
an obvious next step for applying pairwise term co-occurrence in similarity calculation for large
texts. Passage retrieval “can improve the accuracy of document retrieval when documents are long
or span different subject areas” [82]. Furthermore, we can aggregate passage-level query-
document relevance representations into a document-level representation before calculating query-
document similarity [64].

BM25 has been used in passage retrieval to provide input to BERT and LLM re-rankers ([83],
[84], [85]). Instead of BM25, formula (13) could be used in order to do the initial retrieval and
filtering of the passages. So far, we have tested formula (13) with email-style messages. It remains
to be tested with text passages in various text re-ranking tasks.
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Appendix A. Stop Words

Following are the stop words, translated from Swedish to English, used in our experiments in a
closed domain of Swedish social insurance. Although the experiments were conducted in a closed
domain, the stop words are marginally domain specific.

a, about, above, according to, after, again, against, all, almost, already, also, always, among, and,
anymore, anything, anyway, approximately, as soon as possible, as well, as well as, at, at least, be,
because, because of, become, before, behind, believe, besides, between, big, both, but, by, bye,
can, check (verb), close, different, directly, do, down, easily, easy, either, enough, even, every,
everything, excuse me, far from, finally, following, for, for a while, from, go, good, good morning,
great, happen, hardly, have, he, hello, hence, her, here, him, his, hope, hopefully, I, I mean,
immediately, important, in, in comparison to, in front of, in the same time, instead, it, just, kind
regards, know, late, like, little, long ago, many, maybe, me, more, mostly, much, must, my, my
name is, necessary, need, neither, never, nevertheless, next, nice, nicely, no, not, now, of, of course,
often, on, one (meaning a person), only, or, other, others, otherwise, ought to, our, out, outside,
over, own, per, perhaps, please, possibly, previous, quite, rather, really, regarding, same, say, see,
shall, she, simple, simply, since, sincerely, so, some, something, sometimes, sorry, still, such, such
as, super, Sweden, Swedish Social Insurance Agency, take, than, thank you, thankful, that, the,
their, theirs, them, then, there, therefore, these, they, this, those, through, to, today, together,
tomorrow, under, unfortunately, until, up, us, want, we, very, what, where, wherefrom, which,
while, whilst, who, whose, why, via, wish, with, within, without, wonder (would like to know),
yes, yesterday, you, your, you’re welcome, yours
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Appendix B. Retrieval Precision

The following tables show precision measurements as defined in Section 4.5 of the article. The
acronyms of the text similarity calculation methods are defined in Table 1 of the article. The data
sets are explained in Section 4.1. The profiles of pairwise term co-occurrence context are defined
in Section 4.3. The profiles of SBERT text segmentation are defined in Section 4.4 of the article.
“M” in Tables B2, B3, and B4 stands for email messages.

Table B1. Precision of email retrieval by email queries. Profile of pairwise term co-occurrence context is
TC2; profile of text segmentation for SBERT is TC7.

Catl
Recall 100
MAP
o s
CSTP 171'_‘87;
w7
e | 757
|
o | 5
SBERT 1%‘_%*
Mean P@1
s %
CSTP 4?3*
|
|
v | 514
SBERT 52%3;1'

Cat2

100

37.23 %
1.29

51.04 +
1.45

4193 %
1.61

50.28 £
1.59

43.54 £
1.64

8.72
0.15

62.83 £
2.15

60.00 £
5.64

77.59 +
4.80

7345+
5.08

80.00 £
4.60

75.52 +
4.95

1.03+
1.16

85.52
4.06

Cat3

100

55.45 +
2.79

67.33 %
3.21

63.92 +
3.33

71.06 £
3.32

66.88 +
3.28

497 +
0.29

39.91+
3.98

75.69 £
6.25

86.74 +
4.94

7735+
6.10

86.19 +
5.03

81.22 £
5.69

18.78 +
5.69

70.17 =
6.68

Cat4

100

2473
1.60

28.52
1.92

28.80 =
1.90

29.95+%
1.97

28.85 %
191

1.66 +
0.05

36.31 %
3.02

4527 £
8.02

52.03 %
8.05

54.05 %
8.03

54.05 %
8.03

52.03 £
8.05

0.00 £
0.00

61.49 +
7.87

Cat5

100

29.12 +
0.44

28.79
0.46

27.27
0.43

27.28 +
0.44

27.54 +
0.43

31.65 +
0.14

38.97 =
0.64

62.18 +
2.65

63.89 +
2.63

56.81 +
2.71

58.52 +
2.69

59.14
2.69

38.99 =
2.67

7245+
244

Catb6

100

14.74 +
0.96

20.34
1.60

18.16 =
1.26

2131+
1.64

18.26 =
1.27

222+
0.04

11.86 +
1.02

2292+
5.95

36.46 +
6.81

4219 +
6.99

47.92 £
7.07

4271
7.00

0.00 =
0.00

43.75
7.04

Cat7

100

2391+
3.82

27.39 %
3.88

26.24 +
4.15

2761+
3.88

26.69 £
4.16

1.82+
0.92

39.34
4.82

50.85 +
12.76

59.32 +
12.53

52.54 £
12.74

66.10 £
12.08

54.24 £
12.71

6.78 £
6.41

59.32 +
12.64

Micro
avg

100

28.60 =
0.54

31.64 £
0.68

29.46
0.63

31.29 %
0.71

30.02 £
0.65

18.61+
0.52

35.70 £
0.79

55.95+%
1.93

61.38 £
1.89

56.90 =
1.92

60.16
1.90

58.86 =
191

22.79
1.63

67.39 £
1.82

Macro

avg

100

28.88

34.41

32.00

35.05

32.79

8.20

34.71

51.61

60.20

57.25

62.71

58.75

10.76

63.39
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Table B2. Precision of website document retrieval from the entire document collection

Relevant Entire document collection
documents A (web articles) F (fill-in forms) B (brochures)
Query M A F M A F M A F
Recall 90.26 £ @ 99.09 + 100+ | 84.80 100 £ 9853+  97.30% 100 = 100 =
1.99 1.07 0.00 4.49 0.00 2.84 1.22 0.00 0.00
Profile TC1 TC3 TC5 TC1 TC3 TC5 TC1 TC3 TC5
MAP
TP 921+ 10.29 £ 3.69+ 7.72 1.08 1.69 2999+ 36.04+f 4499+
1.47 3.68 1.82 3.00 0.42 0.78 1.94 7.67 14.29
CcS 1876+ | 40.73x 2980+ | 1762+ | 1254+ 4576+ | 2417+ 2124+ 1555%
2.06 7.03 7.45 3.73 3.42 12.69 1.58 5.53 6.97
CSTP 1711+ | 3375 2364+ 1352z 7.20 = 2415+ 3568+ | 1918+ 1042+
2.02 6.69 7.53 3.43 2.70 0.48 2.53 6.00 6.94
BM 1167+ | 1511+ 1267 9.39 3.05+ 2764+ 1564+ | 3368+ 3416+
1.58 4.79 5.78 3.00 1.16 12.83 1.64 6.74 10.68
BMTP 1123+ | 1190 4.77 = 8.56 + 135% 6.73 = 2421+ 3560+ 4653
1.56 4.27 2.21 2.74 0.55 5.86 1.86 7.38 14.00
KIM 1167+ | 1514+ 1268+ 931+ 3.07 2767+ 1564+ | 3368+ 3416t
1.58 4.79 5.78 3.00 1.16 12.83 1.64 6.74 10.68
Mean P@1
TP 4.26 £ 9.76 + 0.00 £ 490+ 0.00 = 0.00 = 1474+ 3438+ | 2391+
1.52 6.42 0.00 2.96 0.00 0.00 2.93 11.64 12.33
CcS 11.18+ | 3780+ 2439+ 931+ 0.00 = 3235+ 9.95+ 7.81+ 3.33+
2.37 10.50 13.15 3.99 0.00 15.73 2.47 6.58 6.42
CSTP 11.03+ | 3171+ 1951+ 7.84 + 0.00 = 1471+ | 1954 + 9.38 % 3.33+
2.35 10.07 12.13 3.69 0.00 11.90 3.28 7.14 6.42
BM 6.62 + 1585+ 732+ 539 0.00 = 2059+ 1119+ | 2031+ 16.67%
1.87 7.91 7.97 3.10 0.00 13.59 2.60 9.86 13.34
BMTP 559 + 12.20 £ 0.00 £ 3.92+ 0.00 = 2.94 16.70+  29.69+ | 36.67 %
1.73 7.08 0.00 2.66 0.00 5.68 3.08 11.19 17.24
KIM 6.62 + 1585+ 732+ 539 0.00 = 2059+ 1119+ | 2031+ 16.67%

1.87 791 7.97 3.10 0.00 13.59 2.60 9.86 13.34
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Table B3. Precision of website document retrieval from the reduced-size document collection

Relevant
documents

Query
Recall
Profile
MAP
TP

Cs
CSTP
BM
BMTP
KIM
Mean P@1
TP

CS
CSTP
BM
BMTP
KIM

M
90.26 +£1.99
TC1

44.89 + 2.35
30.71+2.44
32.25+2.35
33.55+2.17
42.88 +£2.27
33.44 +2.16

40.74 £ 3.69
19.71 +2.99
20.00£3.01
22.65+3.15
34.56 + 3.57
22.50+3.14

A (web articles)

A
99.09 + 1.07
TC3

49.03 £ 7.01
51.46 +7.26
45.38 +6.95
49.84 + 6.52
49.46 + 6.87
49.83 £ 6.52

51.22 +10.82
47.56 +£10.81
42.68 £10.71
45.12 +£10.77
51.22 +10.82
45,12 +£10.77

F
100 £+ 0.00
TC5

47.25 +9.59
36.72+7.91
32.99 + 8.65
34.60 + 8.32
47.09 £ 9.57
34.66 + 8.33

48.78 £ 15.30
24.39 + 13.15
24.39 £ 13.15
17.07 £ 11.52
43.90 +£15.19
17.07 £ 11.52

M
84.80 = 4.49
TC1

21.25+4.06
20.38 + 3.67
19.20 + 3.59
24.46 +4.04
25.21+4.25
2451 +4.04

11.27 +4.34
9.80 +4.08
8.82 +£3.89
12.25+4.50
12.75+4.58
12.25+4.50

Reduced-size document collection

F (fill-in forms)

A
100 £ 0.00
TC3

14.44 + 4.49
19.15+4.73
16.07 + 5.36
23.04 £5.77
16.31 +4.58
23.06 £5.77

1.85+3.60
3.70 +5.04
5.56 £6.11
11.11+8.38
1.85+3.60
11.11+8.38

F
98.53 + 2.84
TC5

33.09+£10.71
44,67 £11.41
33.42 +11.56
55.89 +12.94
40.61+12.13
55.90 +12.94

17.65+12.81
29.41 +15.32
20.59 £ 13.59
47.06 +16.78
26.47 +£14.83
47.06 +16.78
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Table B4. Precision of website document retrieval at 100% recall, both document collections considered

Relevant
documents

Query
Recall
MAP

Profile

CSs

CSTP

BM

BMTP
Profile
SBERT

Mean P@1

Profile

CS

CSTP

BM

BMTP
Profile

SBERT

Reduced-size document collection

A (web articles)

M
100

TC2

2534+
2.25

28.69
2.20

29.76 =
2.04

39.15+
2.22

TC8

24.63 =
1.87

TC2

16.30 +
2.67

18.21
2.79

2011+
2.90

32.07 =
3.37

TC8

12,73 +
2.37

A
100

TC4

51.06 +
7.24

45.07 =
6.94

49.53 +
6.53

49.18 +
6.88

TC10

44.36 £
6.74

TC4

47.56 £
10.81

42.68 £
10.71

4512 £
10.77

51.22 £
10.82

TC10

4719
10.43

100

TC6

28.59
6.28

20.59
7.00

18.60 +
6.27

2255+
6.72

TC8

25.09 £
8.55

TC6

9.76 £
9.08

12.20 =
10.02

9.76 £
9.08

17.07 =
11.52

TC8

19.57 +
11.59

F (fill-in forms)

M
100

TC2

16.80 +
3.27

16.43 +
3.14

20.94 +
3.53

21.97
3.76

TC7

5.46 +
1.17

TC2

8.40 +
3.52

756+
3.36

10.50 +
3.90

11.34 =
4.03

TC7

2.36 +
1.08

A
100

TC4

19.14 +
4.73

16.02 +
5.36

23.04 +
5.77

16.31
4.58

TC9

4.45 +
1.52

TC4

3.70
5.04

5.56+
6.11

1111+
8.38

185+
3.60

TC9

0.0=
0.0

100

TC6

57.29 +
12.73

44.86 +
13.58

63.71
12.41

53.68 +
13.09

TC7

37.56 +
10.63

TC6

50.00 =
16.81

41.18 £
16.54

58.82 +
16.54

4412 £
16.69

TC7

28.26 +
13.16

Entire document collection

100

TC2

19.76 +
1.35

3349 %
2.50

14.69 +
1.53

2331+
1.79

TC8

3.1+
0.52

TC2

6.97 +
2.08

17.94 =
3.14

10.45 +
2.50

16.03 +
3.00

TC8

0.78 +
0.57

B (brochures)

A
100

TC4

21.22 +
5.53

19.16 +
6.01

33.68 +
6.74

35.60 +
7.38

TC10

6.71
1.75

TC4

781+
6.58

0.38+
7.14

2031+
9.86

29.69
11.19

TC10

0.0=
0.0

100

TC6

13.53+
7.22

10.01+
4.62

2911+
9.22

34.47
11.19

TC8

2.83+
2.2

TC6

3.33%
6.42

0.00 £
0.00

10.00 +
10.74

16.67 +
13.34

TC8

0.0=
0.0
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