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Abstract

Over the past decade, mass spectrometry-based metabolomics, especially two dimensional gas chromatography mass

spectrometry (GCxGC/TOF-MS), has become a key analytical tool for metabolomics data because of its sensitivity and

ability to analyze complex biological or biochemical sample. However, the need to reduce variations within/between

experiments has been reported and methodological developments to overcome such problem has long been a critical issue.

Along with methodological developments, developing reasonable performance measure has also been studied. Following

four numerical measures have been typically used for comparison: sensitivity, specificity, receiver operating characteristic

(ROC) curves, and positive predictive value (PPV). However, more recently, such measures are replaced with F1 score

in many fields including metabolomics area without any carefulness of its validity. Thus, we want to investigate the validity

of F1 score on two examples, with the goal of raising the awareness in choosing appropriate performance comparison

measure. We noticed that F1 score itself, as a performance measure, was not good enough. Accordingly, we suggest that

F1 score be supplemented with other performance measure such as specificity to improve its validity.
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1. Introduction

Metabolomics, which aims to understand cellular pro-

cesses through chemical fingerprints, is the scientific

study of the chemical processes. Mass spectrometry-

based metabolomics study, especially mass spectrome-

try coupled with two dimensional gas chromatography

(GCxGC/TOF-MS) has been widely used due to its var-

ious advantages: increased separation capacity, its sen-

sitivity and ability to analyze complex mixtures.

However, the output of GCxGC experiment is still sub-

ject to errors such as within/between-experiment varia-

tions. Thus, reducing such variations has been a crucial

issue. More precisely, various preprocessing steps

including metabolite identification and peak alignment

has attracted researchers' attention. As a result, large

numbers of methodologies have been developed by

many researchers[1-12].

Along with the development of various methodolo-

gies, comparison studies have gained much attention as

well. For comparison, well-known standard measures

were considered: sensitivity, specificity, receiver oper-

ating characteristic (ROC) curves, and positive predic-

tive value (PPV). However, most recently, these

classical performance measures were replaced with F1

score in various fields including metabolomics[2-7,13-15].

But, we think that it is time to ask the following ques-

tion to ourselves before it is too late: is F1 score good

enough to replace such well-known standard measures?

In this paper, we try to answer the question. To this end,

we investigate the properties of F1 score and relation-

ship among other measures with two illustrating exam-

ples. Therefore, the goal of this paper is to raise the

awareness when using F1 score as a performance mea-

sure instead of standard measures.

2. Standard Performance Measures

Standard performance measures can be easily

obtained by using 2 by 2 table (Table 1).

Sensitivity, specificity, positive predictive value

(PPV), and F1 are defined as follows:
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Sensitivity = ,

Specificity = ,

,

where PPV is 1-FDR (false discovery rate) and F1 is

harmonic mean of sensitivity and PPV. In addition,

ROC curve is a plot of sensitivity against 1-specificity,

i.e., a mixture of sensitivity and specificity in a sense.

3. Validity of F1 Score as an 
Accuracy Measure

We investigate the validity of F1 score as an accuracy

measure. For comparison, we define a simple and naive

overall accuracy measure (OA), proportion of correct

test outcome (Table 1):

where N = C11 + C12 + C21 + C22. Here, we focus on

the variability of F1 score when OA does not change

at all. To make OA fixed, we fix diagonal sum

(C11 + C22 = 80) and N = 100. Table 2 provides F1

score and OA for three different cases, implying that F1

does change while OA does not. Graphical presentation

of F1 scores for each combination of C11(1 ≤ C11 < 80)

and C12(1 ≤ C12 < 20) are provided in Fig. 1.

Unlike fixed OA (=0.8), F1 score varies too much

from 0.09 to 0.89, implying that there is no relationship

between F1 score and overall accuracy. Most impor-

tantly, it should be kept in mind that the value of C12

would not be involved in the calculation of F1.

4. Relationship between F1 Score and 
Specificity

We investigate the relationship between F1 score and

specificity through a simple example. In Table 3, we

fixed three cells.

As a result, sensitivity and F1 score are fixed (say 0.9

here). However, specificity and OA change along with

the value of 1 ≤ x ≤ 100. Fig. 2 shows how variable they

are as x changes. From this figure, we notice that spec-

ificity varies from 0.167 to 0.995 while F1 score is

fixed. Clearly, F1 score is not dependent on specificity.

C11

C11 C21+
------------------------

C22

C12 C22+
------------------------

PPV
C11

C11 C12+
------------------------=

F1
2 Sensitivity PPV⋅⋅

Sensitivy PPV+
---------------------------------------------=

OA
C11 C22+

N
------------------------=

Table 1. Test outcomes based on the results by any method

Gold standard

Positive Negative

Test outcome
Positive C11 C12

Negative C21 C22

Table 2. Variability of F1 score: each scenario has the same OA, but different F1 score.

Case 1 Case 2 Case 3

Positive Negative Positive Negative Positive Negative

Positive 10 10 6 6 2 2

Negative 10 70 14 74 18 78

F1 0.500 0.375 0.166

OA 0.800 0.800 0.800

Fig. 1.  Plot of f1 score for the combination of C11 and

C12.
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In other words, any information about specificity is not

reflected in F1 score.

5. Conclusion

As a result of the increased popularity of spectrom-

etry-based metabolomics study over the past decade,

various methodologies dealing with preprocessing have

been developed. To find better methodology, compara-

tive studies have also been done by using standard

numerical performance measures: sensitivity, specific-

ity, and PPV. Recently, instead of such classical mea-

sures, F1 score gets popularity in various fields.

Just like controlling type I and type II errors is very

important in classical testing problem, using proper per-

formance measures combined with sensitivity and spec-

ificity is very crucial in comparative study. Thus, it is

necessary to summarize good properties extracted from

various performance measures in evaluating the perfor-

mance of methodology. In this regard, we investigate

the appropriateness of F1 score as a performance com-

parison measure on two examples and notice that F1

score is not directly related with both overall accuracy

and specificity. In this respect, F1 does not represent

other performance measures very well.

To conclude, we want to answer the question raised

earlier: Is F1 score a good enough to replace such well-

known standard measures? As can be seen by two

examples, it is clear that F1 score is not good enough

because (1) it does not reflect specificity at all and (2)

it does not show any relationship with overall accuracy

measure. As a suggestion, a performance measure,

which is a mixture of F1 score and specificity, would

be a good alternative, but not F1 score alone.
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