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Abstract. [Context and Motivation] One is developing and evaluating a tool for performing a hairy natural-lan-
guage-processing requirements-engineering task on the artifacts for the development of a critical computer-based
system. So, doing the task cannot be avoided. A key characteristic of a hairy task is that the frequency of true
positives in a tool’s input is extremely low. Therefore, high recall is significantly more important to achieve than
high precision. [Problem] In a tool, normally recall and precision trade off. So, achieving the goal of high recall
often means accepting low precision. It is common for the evaluator to fear low precision in a tool, even when
high recall is more important than high precision, because the lower the precision, the more false positives there
will be in the tool’s output to be vetted, to the dismay of the human vetters. The tool developer wonders what
is the proper balance between recall and precision for the tool, and would benefit from guidance in finding the
proper balance. [Principal Ideas] This article reviews the measures used to evaluate such a tool: such as recall;
precision; the F-measure; A, the frequency of true positives in the tool’s input; selectivity, the ratio of the size of the
tool’s output to the size of the tool’s input; and summarization. It derives mathematically a formula relating a tool’s
recall, precision, A, and selectivity that shows mathematically that the lower A is, the lower precision can be before
the tool’s selectivity, and thus the tool’s output, become too big for comfortable vetting. [Contribution] With this
formula, it is possible to show mathematically that, e.g.,

if

Ais 10% or less
and

the tool’s recall is 100%,
then

the tool’s precision can be as low as 50%,
and

the size of the tool’s output,
the file to vet to weed out false positives,

is still no bigger than double the number of true positives in the input, and thus the output.

Such a conclusion is useful for knowing how much precision can be traded away in the pursuit of as much recall as
possible.

Keywords: F-measure, Frequency of true positives, Hairy task, Natural-Language processing, NLP, Precision,
Recall, Selectivity, Summarization, Tool, Vetting, Weeding out false positives
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1 Introduction

1.1 Background and Assumptions for a Scenario

Here are the background and assumptions for a common scenario in the development and evaluation of a tool, !, that
performs the task, 7". Here, ¢ is based on natural-language (NL) processing (NLP) [14,43] or on artificial intelligence
(AD) or a large language model (LLM) [48,53]; T is a hairy task that classifies examined items as meeting the task’s
criteria or not; and ¢ tries to identify and return all and only those items of ¢’s input that 7" classifies as meeting 1"s
criteria. As a result, ¢ is evaluated mainly in terms of two measures?, recall and precision. Many add the harmonic
mean, F, of recall and precision that weights them equally [49].

T is hairy [3,4] if and only if

1. T involves understanding the entirety of its input,

2. T is non-algorithmic?,

3. humans do the understanding that 7" requires with no particular difficulty, all the time, on small input, but
4. humans find doing T" on large input to be unmanageable.

For the first three criteria, there are no measures. For the fourth, there is a vague (in the linguistics sense) measure,
A, the frequency within the input of the items that 7" classifies as meeting 7"s criteria. Basically, the smaller A is, the
more unmanageable 7' is when the input is large. The measure is vague, because in any situation, it is not clear what
value of ) is the boundary between manageable and unmanageable. These properties of a hairy task are what make
the existence of a tool to do that task so attractive [5].

In the following bulleted list of examples of hairy tasks, immediately after each item, which itself is a list of
specific tasks, comes a list of indications of domains in which the tasks of the item are relevant. The meanings of these
indications are:

RE: Requirements Engineering
SE: Software Engineering
La: Law
Md: Medicine
PS: Privacy and Security
NL: Natural-Language Processing
IR: Information Retrieval
Al Artificial Intelligence
Here, Al includes learned machines (LMs), artificial neural networks (ANNSs), and large language models (LLMs).
Examples of hairy tasks include

searching for ambiguities and other defects in NL [RE, La, NL] [7, 12,46, 50],

searching for abstractions, features, or bug reports in NL [RE, SE] [17,19,31],

mapping regulations into requirements for a CBS that implements the regulations [RE, La, PS] [6, 28],
searching for trace links among software-development artifacts [RE, SE] [6,9, 20, 33,39],

searching for defects in code and other software-development artifacts [SE] [36]

searching an artifact library for reusable artifacts that are relevant to a given issue [SE, RE] [27,32],
electronic discovery in legal proceedings [La] [10, 18,41],

Nk w =

! Apologies for using what look like mathematical formulae in narrative text. The text resulting from a first attempt to write this
paper using only words in the narrative text resulted in ambiguous text. For example, it became difficult to distinguish a tool
in general from the specific running example tool, ¢, that is the subject of the running scenario, the figures, and the formulae.
Does the term “the tool” refer to the previously introduced tool in general or the running example tool? Thus, “t” is used even
in the narrative to talk about the specific running example tool, to reserve “tool” to talk about tasks in general. For a list of all
identifications used throughout this article, see Appendix A.

2 For now, it suffices to say that ¢’s recall is the percentage of the input items that meet T”s classification that ¢ returns, i.e.,
measuring the all-ness of ¢, and ¢’s precision is the percentage of the input items that ¢ returns that meet 7”s classification i.e.,
measuring the only-ness of ¢, Section 1.4 gives complete definitions of these measures and other concepts.

3 If T were algorithmic, we would simply implement one of the algorithms into ¢, and ¢ would have 100% recall and 100%
precision, with no tradeoff necessary.



Who’s Afraid of the Big Bad Imprecision? 3

8. searching for regulations, statutes, and court decisions that are relevant to a given issue [La] [15,29,35],
9. systematic review in evidence-based medicine [Md] [18,41],
10. the creation of fully labeled test collections for information retrieval evaluation and machine learning [NL, IR,
AI] [18,41],
11. searching for signs of disease in images [Md] [30,40,45],
12. fraud detection, customer segmentation, medical diagnosis, and sentiment analysis [RE, Md, PS] [42], and
13. identifying, by careful search, examination, or probing, the existence or presence of [something], e.g., detecting
cybersecurity threats [PS, IR, AI] [45].

Each of these tasks may be carried out using NLP, IR, or Al techniques. Here again, Als include LMs, ANNs, and
LLMs. Clearly, the tradeoff between recall and precision occurs in a lot more than in just RE and SE.
To be clear, there are many tasks, and tools, for which this article is irrelevant. For sure, many a task is not hairy:

— doing the task does not require understanding the entirety of its input,
— the task is algorithmic with guaranteed 100% recall and 100% precision, or
— the frequency of true positives in the task’s input is large.

Even for a hairy task,

— for which 100% recall is desired, not always is doing the task necessary; it can be optional.

— not always is 100% recall needed; a lower recall suffices.

— not always is recall more important than precision; e.g., for a search engine, avoiding false positives is critical to
not scaring customers away.

This article offers nothing to the developers of these other kinds of tasks.

1.2 The Scenario

In a typical scenario that you might undergo in the development of ¢ for 7', T' is both hairy and critical enough
that 100% recall is essential. Moreover, there is no avoiding doing 7', no matter how tedious it is. Finally, the time
constraints placed on completing 7" are generally generous enough to allow 7" to be done as well as possible, including
to allow concurrent or consecutive performance of 7' by different actors.

You have determined that the typical input to which 7" is applied has a A of 10%. Thus, fully 90% of the items
examined in any performance of 7" will not be what 7' is searching for, making 7" very tedious. This tediousness will
discourage most from doing 7" well, finishing 7" once started, or doing 7". You recognize that the very tediousness of T’
vitiates against achieving the necessary 100% recall. To alleviate the tediousness, and to try to achieve the necessary
100% recall, you decide to develop a tool, ¢, to perform T' [5].

In preparation for building a gold set (a.k.a. “ground truth”) input with which to evaluate the effectiveness of any
tool in performing 7' [49], you remember that the typical input to which 7" is applied has a A of 10%. Therefore, you
construct a representative gold set input, G, so that a randomly distributed 10% of the searchable items in G are true
positives, intended to be precisely the items found when performing 7" or running any tool for 7" on G.

You have even used the process of construction of the gold set to determine that the average domain-expert human
being that is on the committee performing 7" manually on G achieves 85% recall [3,4]. This 85% is designated to
be the HAR (humanly achievable recall) of 7T'. Consequently, you would be happy with any tool that achieves any
recall greater than 85%, but you will still work hard to optimize ¢’s recall, often by trading away some of ¢’s precision.
You have learned that for most classification tasks, recall and precision trade off. If, however, ¢’s recall ends up being
enough* less than 85%, T will have to be done manually to get as much recall as is possible.

You have developed ¢ for T" and worked very hard to try to get ¢ to achieve 100% recall. No matter what ¢’s
recall is, say X %, you expect that ¢ will return some false positives, i.e., will have a precision of less than 100%. You
know that humans will have to vet the tool’s output to weed out these false positives, to leave only the X% of the
true positives®. That no arbitrary time constraints were placed on the performance of T" permits vetting as a means to

* How much is enough depends on the criticality of 7" in the context in which T is performed.
> This is assuming that vetting does not inadvertently weed out any true positives. Actually, vetting almost always reduces recall
to slightly less than X %.
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achieve higher precision than achieved by the raw ¢. Nevertheless, you hope that the precision is not very much less
than 100%, because the lower the precision, the more to vet for false positives, and the more to vet, the more tedious
vetting becomes, approaching the tedium of a manual search of the entire input to t.

For a complete discussion of the general tradeoff, see the paper titled “Evaluation of Tools for Hairy Requirements
Engineering Tasks” (ETHRET) [3].

Your elation comes to a sudden end when you discover that ¢’s precision is only 50%, giving an F of only 66.7%!
“Oh no!” you think. “This is a case of the useless 100%-recall tool, that does no searching and just returns the entire
input.” Such a tool is useless because vetting the tool’s output is the same as doing 71" manually on the tool’s input,
which is what you developed ¢ to avoid having to do! The reality is that ¢ is much better than the useless tool, but you
are not convinced.

While building ¢, you had constructed another tool, ', for T', whose recall was only 90%, not as good as that of ¢,
but still better than the HAR for T', 85%. Better yet, t'’s precision is 70%, significantly better than ¢’s abysmal 50%!

Everything you have been taught over the years says that even when nominally, very high recall, at or near 100%,
is required, low precision is very, very bad, because human beings will refuse to vet the output, because vetting the
output will be the same as the dreaded manual search of the input. You have been taught to play a compromise game,
to somehow balance recall and precision. So, like everyone else, you calculate the '} measure that weights recall and
precision equally:

— For ¢, with 100% recall and 50% precision, F} is 66.67%, and
— for ¢/, with 90% recall and 70% precision, F} is 78.75%.

Finally, you declare ¢’ to be the better tool overall. Yes, ¢'’s recall is not as good as t’s, but ¢'’s recall is still better than
the HAR, and, most importantly, its precision is much better than t’s. At least the vetters are appeased and will be
happy!

While it is impossible to know what really went through the minds of the developers of tools reported in the
literature, at least the reported results of many papers about tools for hairy tasks show some evidence of similar kinds
of thinking [2,8,23,24,31,37,39,51, e.g.].

But Whoa! You really wish there were some rational way, based on data about the context of ¢ and 7', that could
inform this decision, and ultimately, the underlying tradeoff. This decision, based on recall and precision or F} is not
using any measure of what is really relevant, namely the size of ¢’s output to be vetted. The fear of a low precision or
low F} arises from the desire to avoid having to vet a large output from ¢, especially one whose size approaches that
of t’s input. Then vetting ¢’s output becomes the same as doing 7' manually on ¢’s input. Clearly, the simplest thing
to do is to just determine the size of ¢’s output. If this size is small enough that the vetters do not complain, then the
precision does not matter.

For reasons explained in Section 3.3, it is sometimes premature or not possible to calculate the size of ¢’s output.
Also, in evaluating the effectiveness of ¢ in general, the issue is not the raw size of ¢’s output in any one application of
t, but the size of ¢’s output as a function of the size of ¢’s input, e.g., the ratio of the size of ¢’s output to the size of t’s
input. Let’s see what we can learn about this ratio from 7”s A and ¢’s recall and precision.

Consider ¢, with 100% recall and 50% precision, and ¢/, with 90% recall and 70% precision. Taking into account
both recall and precision, the size of the output, to be vetted, of a run of ¢ on an input is 156% of the size of the output
of arun of ¢’ on the same input. That is, ¢’ requires 36% less vetting than does ¢, and the vetting of ¢"’s output will find
that only 30% of the output is false positives, and not 50%, as with ¢’s output.

However, the fact that A = 10% allows pinning down a number of properties of ¢’s and ¢'’s outputs that effect the
ease of vetting. By drawing diagrams similar to those in Figure 3, but with actual data, you are able to see that

— for ¢, with 100% recall and 50% precision,
the size of t’s output to vet
is only 20% of the size of ¢’s input,
that would have to be manually searched
if there were no tool,

and

— for ¢/, with 90% recall and 70% precision,

the size of ¢'’s output to vet
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is only 12.9% of the size of ¢’s input,
that would have to be manually searched
if there were no tool.

It seems to me that getting an additional 10% of recall when running ¢ on an input instead of running ¢’ is worth
the additional 7.1%-of-the-size-of-an-input that needs to be vetted when running ¢ on the input instead running ¢'. This
is the case especially in a context in which 100% recall is required and in which the alternative to having a decent tool
for T is manually searching the entire input.

All of these specific data can be generalized into a mathematically-derived formula that relates four values, 7”s A,
t’s recall, t’s precision, and ¢’s selectivity, i.e., t’s ratio of the size of ¢’s output for an input to the size of that input.
This formula allows computing any one of the values from the other three.

The formula shows that, for example,
if

A, the frequency of true positives in ¢’s input, is 10%
and

t’s recall is 100%,
then

t’s precision can be as low as 50%,
and

the size of ¢’s output,
the file to vet to weed out false positives,
is still no bigger than double the number of true positives in the input, and thus the output.

This observation leads to the concept of a maximum tolerable size of t’s output. While you are designing ¢ for T,
learn from the people that will be vetting ¢’s output the maximum size of ¢’s output, expressed as a percentage of the
size of ¢’s input, that they are willing to vet without complaint, under the constraints that

— T must be done;
— t must achieve a recall of at least 7’s HAR; and
— if ¢ does not achieve a recall of at least 7°s HAR, then 7" must be done manually.

The formulae for a tool’s recall and precision are such that if you manage to optimize ¢ to achieve 100% recall,
once you know 7”s A and the maximum tolerable size of ¢’s output, expressed as a percentage of the size of ¢’s input,
you can calculate ¢’s minimum tolerable precision. Moreover, the smaller 7”s A is, the smaller ¢’s minimum tolerable
precision will be. For example, if A = 10% and the maximum tolerable size of ¢’s output is 20%, then ¢’s minimum
tolerable precision is 50%. It gets better with a smaller \; if A = 1% and the maximum tolerable size of ¢’s output is
20%, then t’s minimum tolerable precision is 5%.

Wow!6

The remainder of this Introduction section first describes the context of the problem and gives the definitions
needed to describe the problem and the eventual solution. Then, it outlines the rest of the article.

® The reality of the formulae is that if you have managed to optimize ¢ to achieve 100% recall, once you know T”s A and t’s
minimum tolerable precision you can calculate the maximum tolerable size of ¢’s output. expressed as a percentage of the size of
t’s input. That is, the formulae are bidirectional. However, it’s hard to imagine a scenario in which one would use the formulae
in this direction. To a human being, precision is just a number, but the size of ¢’s output determines the amount of vetting that
needs to be done. If the human desires to minimize the size of ¢’s output, to minimize the tedium of vetting, then “the maximum
tolerable size of t’s output” expresses a real constraint that the human being may have.
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1.3 Context

The collection of artifacts examined by T forms 7"s input, |. T(1) = Q is the result of performing 7" on |. Additionally,
t(l) = O is the output of running t on . Ideally, t(1) = T(1), but this equality is rarely the case’.

Because of the criticality of the computer-based system (CBS) for whose development 7" is being done, e.g., the
CBS has safety or security concerns, there is no option of simply not doing 7". T" must be done completely, finding
everything that T seeks, achieving as close as possible to a perfect job, of finding all and only what T" seeks, namely
the Q mentioned above. The alternative to using ¢, or any other tool, to do 7" is to perform 7" entirely manually.

1.4 Definitional Background

This subsection defines the terms needed to state the problem and its solution. This article builds on and extends my
previous work on evaluation of tools for hairy tasks [3,4] and uses vocabulary from this work verbatim.

1.4.1 Answers

~rel | rel

FP TP

fnd
~fnd

TN FN

Fig. 1. The Universe of an NLP Tool

An answer is a unit of whatever 7" examines in |, in an attempt to find all relevant answers in |. T" tries to distinguish
between

— relevant answers and
— not relevant or irrelevant answers.

A relevant answer often called a “correct answer”, but “correct” is heavily overloaded term. This article leaves “cor-
rect” for its everyday meaning.

1.4.2 Roleoft

The tool, ¢, tries to find all and only relevant answers in |, leaving as not found all and only irrelevant answers in |,
but it generally cannot do so perfectly.
Figure 1 shows the universe of ¢ for T'. Running ¢ partitions the space of answers into 4 regions:

— TP, the set of true positives (TPs), the relevant answers that are found,

— FN, the set of false negatives (FNs), the relevant answers that are not found,

— TN, the set of true negatives (TNs), the irrelevant answers that are not found, and
— FP, the set of false positives (FPs), the irrelevant answers that are found.

7 The evidence for this claim is that in the literature, a tool for a hairy task that has 100% recall is rare, and among the rare cases
of reporting the HAR for a task, an HAR of 100% is rare.
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1.4.3 Confusion Matrix

From an input |, ¢ produces an output ¢(I) = O = fnd = (TP U FP), while ~ fnd = (TN U FN). The sizes
(numbers of answers) of the 4 regions are the values of the 4 cells of a confusion matrix,

[FP| | |TP|
|TN| | |FN]

1.44 Vetting

Vetting is process of a human’s examining the elements of O from ¢, to partition it into its 2 subsets, TP and FP,
such that

O =fnd = (TPUFP)and §) = (TP NFP).

The basic manual examination of | that occurs during the performance of 7" on | can be considered a vetting of

CEINNTY3

I. Nevertheless, “vetting” is reserved to describe examining O = ¢(l) for its FPs, and “examining”, “finding”, or
“searching” is used to describe a completely manual performance of 7" that ¢ tries to imitate.

1.4.5 The Important A

An important number is A:

_ rel]

o

We can use ) as a measure of hairiness; the smaller ) is for T, the hairier 7" is, because the smaller A is for 7', the more
answers have to be examined to find one TP.

A

1.4.6 Define R and P

R and P are defined:
R [fnd Nrel| |TP]
[rel| |TP| + |[FN|’
and
|fnd N rel| |TP|
~ Jfd]  [TP[+[FP|’

[
In any case, min(P) = A = @.

1.4.7 Define F'

A composite of R and P, often called “correctness”, is F:

P xR
P+R

the harmonic mean of R and P.

F=2x

1.4.8 Weighted F
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When R and P are not equally important, e.g., when the cost of a FN is more than the cost of a FP, i.e., when A is
small and it’s easy to dismiss a presented FP, there’s a weighted F':

P xR
(B2xP)+R
Even with 8 = 5, P is largely irrelevant to Fg. Later, we’ll see that maybe /3 should not be squared in the formula for
F, as it normally is.

Fg = (1+p%) x

1.4.9 What Should 3 Be?

Assuming that vetting an answer in O costs the same as examining an answer in |, one reasonable estimate for

. 1 . . . o1 . .
[ is that § = it because, on average, finding one relevant answer will require examining X answers in |. Typically,

vetting an answer in O is faster than examining an answer in | [11,34,44]. So, the 8 = Y estimate is conservative; it

is smaller than it could be. An important datum about ¢ is the ratio, a, of

(the time to decide relevance of one answer in manually doing 7" on I)
to
(the time to decide relevance of one answer in manually doing 7" on O = (I)).

a is called verting speed-up® of t for T. Conveniently, a > 1 if vetting an answer in O is faster than examining an
answer in |, just one more reason to not care about low P. In fact, I'm beginning to think that we should define

1
B:an.

1.4.10 Trading R and P

Generally, we get higher R at the expense of lower P, and vice versa. The extremes of this tradeoff are:

— treturns the entire |, t(1) = O: R = 100% and P = A = min(P), and

— t returns only one relevant answer, t(I) = O and |O] = 1 and O C rel: P = 100% and R = ﬁ.
These extremes are useless, because in either case, the entire | has to be manually searched in order to find the
relevant answers. This extreme tradeoff means that care must be taken when ¢’s R is 100% or nearby. Is ¢ really only
a useless tool or very close to one? In Figure 2, Part (a) shows the configuration of the output for a useless tool, and
Part (b) shows the configuration of the output for a close to useless tool. In each configuration diagram, the space of
answers is divided into regions, corresponding to two or more of the quadrants of the universe of an NLP tool shown
in Figure 1. A solid line represents a boundary that is visible to any human who has run the tool on input | to get O.
A dotted line represents a boundary that is invisible to this human. For example, in Part (b), the human can see which
of the answers in | are in O. However, the human knows only that O consists of a mix of TPs and FPs, but there is no
clear separation between them. Instances of each are scattered randomly throughout O.
Fortunately, many an algorithm with high R and low P returns an O enough smaller than |, that manual vetting of
O takes less time than manual examination of |, from both

— the vetting speed-up, and
— that O = ¢(1) is significantly smaller than I.

We can get out of the R = 1 useless extreme if ¢(I) = O is significantly smaller than |, so that vetting O is much faster
than examining |.

[IPs1)

8 Think: “speed-up” is roughly “acceleration”; hence “a”.
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Fig. 2. Different Configurations of Tool Outputs Fig. 3. More Different Configurations of Tool Outputs
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1.4.11 Define S and s

Summarization [3], S, and selectivity [22], s, are two measures of the amount by which |O] = |¢(1)] < |I|.

g_ |~fnd _ [~fnd] ITN| + |FN|
~ | ~fndUfnd| | ~relUrel|  |TN|+ |FN|+|TP| + |FP|’

|fnd| [fnd| |TP| + |FP| 1—g
S = = = e _ .
| ~fndUfnd] | ~relUrel] |TN|+ |[FN|+ |TP| + |FP]
We would like R = 1, X small, and s just bigger than A. Then we do not care if P is low! There’s a relationship
between R, P, s, and A that we can exploit.

1.5 Related Work

There are descriptions of related work scattered throughout this article, each occurring in the part of this article that is
naturally related to the related work. These descriptions occur in Sections 1.1, 1.2, 2, 3.2, and 3.3.

Even in the work introducing, using, and reporting selectivity and stressing the importance of low selectivity to
ensure the manageability and tolerability of vetting a tool’s output for false positives [21,44,44], I have not seen any
explicit statement of the relation between A and selectivity captured in the formula and its derived equations.

Hayes et al describe the importance of a small s in making vetting manageable [22], but they neither consider nor
express the derived relationship between A, P, and s. They operate in a domain in which R as low as 60% is deemed
tolerable. Moreover, they do not consider trading low P to try to achieve R = 1.

I did hint at the relationship in Section 5.1 of ETHRET [3] when I showed a relationship between summarization,
S = 1—s, and P that used 1 — \. Even knowing this relationship, the formula derived in this article seemed to
me to be new. Also, even as late as 2024 and 2025, some 3 and 4 years after the publication of ETHRET, one finds
evaluations, such as by Hey and two different sets of co-authors [23,24], still using F as the basis to choose the best
of several tools for a task, without consideration of the size of the output to be vetted. Evidently, others besides me
have not understood the S-measure-based explanation of Section 5.1 of ETHRET.

1.6 The Rest of this Article

In the rest of this article, Section 2 introduces the common problem concerning the tradeoff between IR and P that
occurs during the evaluation of tools for hairy tasks. Section 3 derives a formula that shows the reality of this tradeoff,
and explains why the formula is useful, even though knowing just the value of one variable is enough. Section 4
provides a simplified formula for when R = 1, and gives (1) a plot of the value of this simplified formula for each of
three illustrative configurations of values of its two variables and (2) a table of the values of this simplified formula for
9 x b key configurations of values of its two variables. Section 5 offers some thoughts about improving the definition
of the weighted F-measure, and Section 6 concludes the article.

2 The Problem

This section generalizes and summarizes the scenario of Section 1 into a general statement of a common problem in
the development and evaluation of a tool, ¢ for a hairy task, 7. In this situation, most recognize that the most important
measure the evaluation of ¢ is R [2, 8,22, 33]. However, high R often comes at the cost of low P. Tool developers
appear to be afraid of anything smacking of low P [31,37].

Indeed, when Hey, Keim, and Corallo evaluated several tools for the hairy task of trace link recovery, they chose
the best based on values of F}, and explained why [24] [all emphases are mine]:

Therefore, we also provide precision, recall, and F';-score that focus on the occurrences only. We choose F -
score instead of a different F-measure, as for our following task of filtering irrelevant requirements elements
both recall and precision are equally important. When valuing recall higher than precision, a lower precision
could result in not being able to filter any requirements elements as too many are considered for example
functional. If we value precision higher than recall, a lower recall may result in actually relevant elements
being filtered as they are regarded as, e.g., having no functional aspects.



Who’s Afraid of the Big Bad Imprecision? 11

Essentially, the reason for not valuing recall higher than precision focuses on concerns about the “following task of
filtering irrelevant requirements elements” i.e., the vetting for false positives. They worry that that low precision could
— not will — result in there being “too many” false positives to do an accurate filtering job.

They are correct that low precision could result in having to vet an output that is almost the same size as as the
original input. However, it is clear that the data they have collected to be able to calculate the recall and precision
values that they show would permit them to determine if, in fact, there are too many false positives to do an accurate
filtering job.

Some tool developers appear to go through heroic efforts to increase P, even at the cost of lowering R [20, 39].
The main sign of this fear of low P is the the continued insistence on using Fj, which weights R equally with P,
with no discussion of A or of the size of O in comparison to the size of |, sometimes even in the presence of data,
e.g., the number of TPs in the gold set of reported size, that show that A for 7" is small, in the order of magnitude of
0.1[6,16,25,26,38,47,52].

This fear arises from two factors,

1. getting low P means that O must be vetted manually to weed out the FPs that have crept in with the TPs con-
tributing to the high R, and

2. the extremes of the tradeoff between R and P, in which getting either 100% R or 100% P means that the vetting
amounts to doing the whole task manually anyway.

The developers of ¢ fear that if there are too many FPs in O, the human vetters will be so frustrated from doing what
they perceive as effectively doing 7" on close to the whole bloody |, something that the use of the ¢ is supposed to
avoid [20].

However, this fear is somewhat irrational, because the alternative to using ¢ in this high criticality case is that T" must
be done on the whole bloody |. At least, the vetting is done on only O, which is often significantly smaller than | [1,22].
Moreover, ¢ can present each item of O in a format that facilitates deciding whether the item is a TP or an FP, e.g., for
a trace link, the output might show directly the artifacts connected by the link. Vetting a link in O will be significantly
easier than searching for a link and its connected artifacts in situ in |, i.e., in this case, a > 1 [11,26,34,37,39].

Even so, the fear borne of the extreme tradeoff overrides rationality, and many evaluations weight R and P equally,
implicitly by using Fy. However, for a good ¢, the tradeoff is far from the extreme. A good ¢ does make the O to vet
significantly smaller than |. That is, ¢ has small s, so that low P can be tolerated because the size of the O to vet is
significantly smaller than the | that would have to be examined manually if ¢ were not available.

The developers of ¢ wonder what is the proper balance between recall and precision for ¢, wish for guidance in
finding the proper balance. The purpose of this article is to provide this guidance in the form of mathematically derived
formulae based on the definitions of R, P, and standard measures of properties of the input, that quantify just how low
t’s P can go before vetting will become intolerable.

3 Reality of Tradeoff

Part (a) of Figure 3 shows the desired configuration of O = #(I). While the figure purports to illustrate all configura-
tions in which A is small, and s is small, it actually shows the configuration when R = 0.8, P = 0.5, A = 0.125, and
s=0.2.

3.1 Formulae
Always,
P x |0]| = |TP| = R x |rel|.

P
Thus, rel = ~ ‘Ol

I
But, A = |rt|=.||.
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P x |0]
So, A = .
© Rx |
R _ [0 O]
Then, \ X — = —,and — = s
Pl |
Thus,
R
= A X —.
s ><P

This equation is hereinafter known as “the formula”. From the formula, three other equations can be derived:
P R s

A=sX =, P=Ax—,and R=P x —.
SXp 5> an X

So, given any three of R of ¢, P of t, s of ¢, and A of T, the fourth can be calculated.

3.2 Sanity Checks

This section provides two sanity checks on the formula, (1) mathematical and (2) empirical.
The mathematical check verifies that the formula,

s:)\xE:/\xRxl,

P P
is consistent with the definitions of its terms. Remember from the universe of an NLP tool diagram in Figure 1 that
[rel] = |TP| + |[FNJ, and observe that |TN| + |[FN| + |TP| + |FP| = |l|. Then, using the definitions of s, A, R, and P

. . 1 .
in Section 1.4, s = A x R x P can be rewritten as

|TP| + |FP| o |TP] o |TP| + |FP]
I ] TP
If, in the right-hand-side product of the rewriting, you mutually cancel the s in one numerator and in

one denominator, and you mutually cancel the red | TP|s in one numerator and in one denominator, you are left with
|TP| + |FP| in the numerator and with |I| in the denominator. This is exactly the left hand side of the equation.
The empirical check verifies that data from a past evaluation of tools for the hairy task of tracing satisfies the

P
formula via one of its equations, A = s X B Sundaram, Hayes, and Dekhtyar (SHD) experimentally evaluated a

variety of IR methods applied to the task of tracing of open source datasets [44]. SHD do not use any F-measure, instead
couching their conclusions strictly on the basis of recall, precision, and selectivity. They make tradeoffs consistent with
the importance of recall over precision for the tracing task, and they take into account low selectivity in choosing the
winning method. SHD give in their Table 1, the precision, recall, and selectivity of the variety of IR methods applied
to the MODIS and CM-1 datasets. From data that SHD give describing the MODIS and CM-1 datasets, it is possible
to estimate \ for each dataset [3, Section 4.1]. The MODIS dataset consists of 19 high-level requirements and 49
low-level requirements, and has 41 true links, each from a high-level requirement to a low-level requirement. The
CS-1 dataset consists of 235 high-level requirements and 220 design elements, and has 361 true links, each from a
high-level requirement to a design element. Thus,
41 41 361 361

A =Y % 0.044,and Aey_g = -
MODIS = 7915 = gg7 — Vb and Aen—1 = 552008 = S1700

For the MODIS dataset, the tf-idf+TH method achieves R = 100%, P = 10.1%, and s = 43.1%°. Therefore,

= 0.007.

%I picked the tf-idf+TH method for both datasets, because for the MODIS dataset, the method achieves a perfect recall with an
abysmal precision, and for the CM-1 dataset, the recall is almost as good and the precision is worse! These values, thus, provide
a good test of this article’s claim.
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P .101
= — = 431 x —— = 0.044!
A=sX 7 31 x 10 0.0
For the CM-1 dataset, the tf-idf+TH method achieves R = 97.1%, P = 1.5%, and s = 42.8%. Therefore,
P .015
A= — = 428 x —— = 0.007!
sxR 8><.971 0.007

For each dataset, the two ways to calculate A agree exactly after rounding in the third decimal place. These calculations
show that the method described in Section 4.1 of ETHRET [3] of estimating A from the data is correct, as it produces
values for A that work in the formula and its equations!

3.3 Why All This Bother?

Why bother with the formula and its derived equations, when all you need to do is calculate s to determine how much
smaller the job of vetting O will be than the job of examining |? The main reason to bother is to allow identification of
legacy tools for hairy tasks whose incomplete evaluations led to their being thought to be worse than they actually are.

Many an old paper about tools for a hairy task reports only R, P, often Fi, and less often F5, in addition to or
instead of F1, for the tools. It may choose the tools with the highest F’-measure, rather than with the highest R as the
best [31,39] or be less than excited about the tools because the values of P for the tools are not high enough even
though the values of R are very good, even occasionally 100% [2, 8,37,51]. We know that the task that the tools do
has a small A, e.g., less than 0.1. Even better, the paper may quote data that allow estimating A. If not, for a well-
known task, such as tracing, an estimate of A derived from other tool evaluations can be used. We want to know if it is
worthwhile to re-evaluate the tools on the basis of more complete data [3]. It is worthwhile if given the available data,
s, can be shown to be small enough to satisfy the vetters.

Appendices B through E show the calculations for four papers published in the past. For the first three, the calcu-
lations show that re-evaluation of the studied tools is in order, while for the last, re-evaluation of the studied tool is
probably a waste of effort.

The second reason to bother is that the formula and its equations help the designer of a tool for a task with a known
A and a target s, to know just how much P can be traded away in a quest to maximize R. The next section considers
this tradeoff by first simplifying the formula and the equations under the assumption that R = 1, the highest possible
recall for any tool. Then, for any fixed ), it becomes possible to plot the formula as a two-dimensional diagram to
visualize the tradeoff between s and P. The section shows plots of P as a function of s for three specific As, and it
provides a table of the value of P for nine key values of s and five key values of \.

4 Reality of Tradeoff When R = 1

Part (b) of Figure 3 shows the desired configuration of O = ¢(I). While the figure purports to illustrate all configu-
rations in which R = 1, XA is small, and s is small, it actually shows the configuration when R = 1, A = 0.1, and
s=2x )\, and P = 50%.

4.1 Formulae

Since our goal for ¢ is 100% R, Then, the formula simplifies to:

S = —.

P

The three other equations simplify to:

ANesxP.P=" andl=Px >
s A

So, for R = 1, given any two of P of ¢, s of ¢, and A of T, the third can be calculated. The last of the equations can be
used as a sanity check in any situation.
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Suppose that you are willing to tolerate vetting an O that is no bigger than s x ||, for 0 < s < 1. Then, you can
A
tolerate a P no lower than —. The smaller )\ is, the lower a tolerable P is.
s

It is ironic that the very property of the input of a hairy task — a small A — that makes having a tool for the task
so attractive [5], that requires the tool to have as close to 100% recall as possible [3], is what makes low precision
tolerable, up to a A-dependent limit.

4.2 Plots of P Versus s for Some Key A\s When R =1

17 17
P P
51 =54
2)\=.2"]
N=.17]
o] T T T 1 0 T 1
0 A =2= ... 5 1 0 A=5 1
1 2 s S
Fig.4. Plot P vs s for A = 0.1 Fig.5. Plot P vs s for A = 0.01 Fig. 6. Plot P vs s for A = 0.5

Figures 4 through 6 show plots of P as a function of s for some key As, namely, 0.1, 0.01, and 0.5, a small, a very
small, and a large ), all when R = 1. Notice the initial rapid decline of P with A = 0.1. Notice the even more rapid
initial rapid decline of P with A = 0.01. However, with A = 0.5, the decline of P is almost a 45° straight line segment
from (0.5,1) to (1,0.5).

Figures 2 and 3 in Section 5.1 of ETHRET [3] hints at the relationship that these plots show. However, the re-
lationship is not as clear because it is couched in terms of .S rather than s, causing the relevant plot to be concave
downward and leftward () rather than concave upward and rightward (L). So, the rapid drop off of the value of P
against increasing s for small As is not at all clear.

4.3 Table of Minimum Tolerable Ps When R = 1

Table 1 shows the minimum tolerable P for some values of s and some values of A when R = 1. The table shows
clearly that the smaller ) is, for any particular s, the lower the P you can tolerate. The first row shows the useless
R = 100% case, in which |O| = |I|. In this case P = \ identically. The formula calculates some meaningless P
values that are greater than 1.0. Each is for an s value that is less than A, an impossibility. Each of these meaningless
P values is colored red. The table shows clearly that the lower the P you want to tolerate, for any particular s, the
smaller A must be. Equivalently, the smaller ) is, for any particular P, the larger the s you can tolerate.

S Rethinking Definition of Fj

Some [2, 8] define the weighted F'-measure as

P xR

Fg = (1+5)Xm

instead of as



Who’s Afraid of the Big Bad Imprecision? 15

Table 1. Minimum Tolerable Ps For Some As and Some ss When R = 1

A
0.5 0.2 |0.1 0.05 [0.01

=1.000/0.5 0.2 |0.1 ]0.05 |0.01

= 0.750/0.667|0.267(0.133]0.067]0.013

= 0.5001.0 (0.4 0.2 |0.10 |0.02

=0.333|1.5 (0.6 [0.3 |0.15 |0.03

=0.25012.0 (0.8 (0.4 ]0.20 |0.04

=0.2002.5 (1.0 |0.5 |0.25 |0.05

=0.167|3.0 (1.2 ]0.6 |0.30 |0.06

=0.125/4.0 |1.6 |0.8 ]0.40 |0.08

—
o"“ ol= [ o= [ o= [sl= [ wli= [ o= el [ ==

=0.100/5.0 |2.0 |1.0 ]0.50 |0.10

P xR
(B2 x P)+ R’

That is, they use just /3 rather than 32. While, I have never seen an explanation for using /3 instead of 32 or even vice

Fﬁ = (1+52)><

versa, it seems clear that if you want to use Fig as a signal of A = B in its role of indicating how tolerable a low P is,

then using B? gives too much power to R over P in F3, and instead, just 5 should be used.

6 Conclusion

In the past, evaluators of tools for hairy RE tasks have struggled to find the correct tradeoff between 2 and P, given the
contexts of the tools’ use. This article provides some definitions and a formula that allow the tradeoff to be conducted
rationally on the basis of easily collected data about the inputs to the tools. It simplifies the formula for the target
case of 100% recall and provides plots and tables illustrating the simplified formula’s behavior for key settings of its
domain values. The formulae, the plots, and tables should help the developers of tools for hairy task develop tools
better suited for the context of their usage than in the past. In the end, the very property of the input of a hairy task —
a small A\, a small frequency of true positives in the input — that makes having a tool for the task so attractive, that
requires the tool to have as close to 100% recall as possible, is what makes low precision, up to a A-dependent limit,
tolerable.
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A List of Identifications

This appendix lists all the identifications, to have them in one place for easy reference by the reader.

First is a list of artifacts

Artifact ~ Explanation

hairy task

tool for T’

gold set document for T’

input to which 7" or ¢ is applied

output from applying 7" to |

output from applying ¢ to |

ETHRET “Evaluation of Tools for Hairy Requirements Engineering Tasks” [3]

OO0~ ®™H

Next comes a list of measures.

Measure  Explanation

recall of ¢

precision of ¢

summarization of ¢

selectivity of ¢

vetting speedup (acceleration) for ¢

frequency of relevant answers among answers in | for T’
weight of recall over precision for T’

humanly achievable recall for T'

T > & w Ny by

>
=

B Hey, Keim, and Corallo, 2024

Recall from Section 2, that Hey, Keim, and Corallo (HKC) evaluated several tools for the hairy task of trace link
recovery (TLR), and they chose the best based on only the values of F; [24].

Let us get an upper bound on the value of s by taking the highest recall and lowest precision that HKC show
together with the largest A this article uses for the tracing task. Their Table IV shows 50 different recall values and 50
different precision values.

The maximum recall value among the 50 is 1.00.
The minimum precision value among the 50 is 0.017.
The second lowest precision value among the 50 is 0.363,
the third lowest is 0.445, and
the maximum is 0.968.

Clearly, the 0.017 is an outlier, as the 49 other precision values lie well distrubuted between 0.363 and 0.968. So let
us use 0.363 as the minimum precision value to calculate s. With a maximum R = 1.00, a minimum P = .363, and a
minimum A = .054, the maximum s = 0.149. Note that if the minimum P = .017 is used, the maximum s = 3.18,
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an impossibility. If HKC’s filterers can tolerate an output whose size is not more than 15% of that of the input as an
alternative to having to manually filter the input, then HKK should consider reevaluating their tools on the assumption
that recall is at least 18.40 times as important as precision.

HKC do evaluate also a fully automated tool for which there will be no filtering task. In this case, recall and
precision are of equal weight. However, given that the HARs that they report are all greater than .851 and that the
highest recall for any fully automated tool is .532, it appears to me unconscionable to use their fully automated tool in
a high criticality development.

C Fazelnia, Koscinski, Herzog, and Mirakhorli, 2024

Fazelnia, Koscinski, Herzog, and Mirakhorli (FKHM) investigate the use of a new technique, natural-language in-
ference (NLI) to automate several RE tasks, including classification of requirements, identification of requirements
specification defects, and detection of conflicts in stakeholders’ requirements [13], that are known to be hairy. They
compare the effectiveness of NLI with classical NLP methods, prompt-based methods, conventional transfer learning,
LLM-powered chatbots, and probabilistic methods on these RE tasks. Their experiments, conducted in a variety of
learning settings, demonstrate conclusively that their NLI method achieves higher F) values than any of the other
methods for these RE tasks.

However, they use Fi, which assumes equal importance to recall and precision, with no examination of the relative
importance of recall and precision in the context in which their tasks are applied.

Let us see what conclusion they would come to if they used recall instead of F to choose the best method and Let
us get an upper bound on the value of s for some of their methods applied to two of their tasks.

FKHM say that the value that they report for any measure, R, P, or F1, is a weighted mean of all the individual
values of the measure, each weighted by its sample size. I could not be certain that I could apply the sample sizes
reported in the paper correctly. Using the data in their Table IX for the ChatGPT, NoRBERT, Prompt-Based, NLI, and
Indicator Term Freq. methods doing the classification task, I calculated just the raw, unweighted mean of F} for the
NLI method applied to the classification task as 83.73%, which is very close to their reported weighted mean of 83%
for the same. Consequently, I use the raw, unweighted mean of the appropriate values in the appropriate table in all the
calculations below.

In their Table IX about the requirements classification task, among the ChatGPT, NoRBERT, Prompt-Based, NLI,
and Indicator Term Freq. methods, NLI achieves the highest unweighted mean F of 83.73%. However, among the
same methods, ChatGPT achieves the highest unweighted mean R of 89.64%, while NLI achieves only 78.91%.
ChatGPT achieves an unweighted mean P of 58.18%, which might be considered alarmingly low. Assuming a A of
the task of 10%, based on my gut feeling informed by my experience, the maximum s is 15.4%. If this estimated A is
correct, the size of output to be vetted is only 1.54 times the number of TPs in the input and 1.71 times the number of
TPs in the output.

In their Table X about the task to detect defects in a requirements specification, among the ChatGPT, NoRBERT,
Prompt-Based, and NLI methods, NLI achieves the highest unweighted mean F; of 81.33%. For this task, among the
same methods, NLI achieves the highest unweighted mean R of 93.33%, while NoRBERT achieves only 81.33%, as
the second highest. So, for this task, F} happens to choose the same method as does R. NLI achieves an unweighted
mean P of 74.00%, which would be considered fairly decent. Assuming a A\ of the task of 20%, based on my gut
feeling informed by my experience, the maximum s is 25.22%. If this estimated A is correct, the size of output to be
vetted is only 1.26 times the number of TPs in the input and 1.40 times the number of TPs in the output.

Thus, it is probably worth for FKHM to reevaluate the methods to come to more nuanced and stronger conclusions.

D Hey, FuchB, Keim, and Koziolek, 2025

Hey, FuchB, Keim, and Koziolek (HFKK) evaluate several methods to recover trace links with the help of retrieval-
augmented generation (RAG) [23]. They report, “Although there are no statistically significant differences between
the prompt types, it is noticeable that if precision is as important as recall ['°] (F1-score), chain-of-thought [(CoT)]
prompting can improve the performance on inter-requirements traceability link recovery.” Among the datasets used

1 This article effectively claims that the antecedent of this vacuously true conditional is false for hairy tasks.
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to test the methods are the MODIS and CM-1 datasets used in SHD’s evaluation discussed in Section 3.2. SHD’s
evaluation provides the data for calculate A values to use with HFKK’s R and P values to calculate s values. For the
other datasets, e.g., the WARC dataset, we will use A = lem = 0.054, the largest, and therefore most conservative, A
obtained from a variety of evaluations of tracing tools reported in Section 4.1 of ETHRET [3].

For the CM-1 dataset, maximizing F} chooses CoT, CPT-40, but maximizing R chooses any KISS variant, even
though their P values are lower than for the F}-chosen approach. Taking the lowest P value, the worst case, gives
R =64.4% and P = 33.0%, and using A\cm—1 = .007 from before, gives s = 1.37%, a small enough s.

For the MODIS dataset, maximizing F} chooses KISS, Code-llama, but maximizing R chooses any KISS variant,
even though all but one of their P values are lower than for the F-chosen approach, which is again a KISS variant.
Taking the lowest P value, the worst case, gives R = 26.8% and P = 14.5%, and using Ayjoprs = .044 from before,
gives s = 8.1%, a small enough s.

For the WARC dataset, maximizing F; chooses CoT, CPT-40, but maximizing R chooses the first three KISS
variants, even though their P values are lower than for the Fj-chosen approach. Taking the lowest P value, the worst
case, gives R = 69.1% and P = 37.3%, and using A = .054 from reports of a variety of tracing tools, gives
s = 10.0%, a small enough s.

In each case, the s is small enough that the the vetting job is significantly smaller than the full manual search.
Thus, in each case, it is worth to evaluate the tools again with the full set of data recommended by Berry [3,4].

E Merten, Kramer, Mager, Schell, Biirsner, and Paech, 2016

Merten, Kridmer, Mager, Schell, Biirsner, and Paech (MKMSBP) evaluated the effectiveness of five different IR algo-
rithms for the task of extracting trace links for a CBS from the data in the issue tacking system (ITS) for the CBS’s
development [37]. One particular algorithm achieved R = 1.0, but they dismissed it because its P = 0.02. Their paper
did not provide enough data to estimate .

Using A = 0.054, the largest \ obtained from a variety of evaluations of tracing tools reported in Section 4.1 of
ETHRET [3], with R = 1.0 and P = 0.02 gives s = 2.7 which is impossible.

The next question is “What must A be to get s < 1 when R = 1.0 and P = 0.02?” The equation, A\ = s x P, says
that A must be less than 0.2, i.e., smaller than 1 in 50.

The “50” here is what ETHRET calls 3, which is % ETHRET reports /3 values for the tracing task from various
sources as 23.17, 22.70, 143.21, 23.65, 27.91, 57.05, and 18.40. This article has been using the minimum of these
values, 18.40 to obtain its largest estimated A = 0.054 for the tracing task. Only two of the seven reported [ values,
143.21 and 57.05, are greater than equal to 50. The larger of these two, 143.21 implies A = .007, which in turn, with
R =1.0and P = 0.02 gives s = 0.35, Thus, with an estimated ) that is likely too small, the output of the tool to be
vetted is no smaller than an uncomfortably big 35% of the tool’s input.

It’s probably not worth the effort for MKMSBP to re-evaluate their tool.



