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Foreword

ISO (the International Organization for Standardization) and IEC (the International Electrotechnical
Commission) form the specialized system for worldwide standardization. National bodies that are
members of ISO or IEC participate in the development of International Standards through technical
committees established by the respective organization to deal with particular fields of technical
activity. ISO and IEC technical committees collaborate in fields of mutual interest. Other international
organizations, governmental and non-governmental, in liaison with ISO and IEC, also take part in the
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he procedures used to develop this document and those intended for its further tmain
re described in the ISO/IEC Directives, Part 1. In particular, the different approval

tenance
criteria

eeded for the different types of document should be noted. This document‘’was drafted in

tives or

ccordance with the editorial rules of the ISO/IEC Directives, Part 2 (see www.iS0.org/dired
yww.iec.ch/members_experts/refdocs).
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st of patent declarations received (see https://patents.iec.ch).
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o

or an explanation of the voluntary nature of standards, the meaning of ISO specific ter
xpressions related to conformity assessment, as ‘well as information about ISO's adhef
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vww.iec.ch/national-committees.
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Introduction

As academic, commercial and governmental researchers continue to improve machine learning models,
consistent approaches and methods should be applied to machine learning classification performance
assessment.

Advances in machine learning are often reported in terms of improved performance relative to the
state of the art or a reasonable baseline. The choice of an appropriate metric to assess machine learning
model classification performance depends on the use case and domain constraints. Further, the
chosen metric can differ from the metric used during training. Machine learning model classification
performance can be represented through the following examples:

— A n¢w model achieves 97,8 % classification accuracy on a dataset where the state-of-therart'mod¢l
achleves just 96,2 % accuracy.

— A n¢w model achieves classification accuracy equivalent to the state of the art bt requires much
less|training data than state-of-the-art approaches.

— A npw model generates inferences 100x faster than state-of-the-art models while maintainin
equjvalent accuracy.

gq

=)

To determine whether these assertions are meaningful, aspects of machine learning classificatio
perfornance assessment including model implementation, dataset composition and results calculation
are takejn into consideration. This document describes approaches.and methods to ensure the relevancg,
legitimdcy and extensibility of machine learning classification pérformance assertions.

Various| Al stakeholder roles as defined in ISO/IEC 22989:2022, 5.17 can take advantage of thpe
approaches and methods described in this document. For ekample, Al developers can use the approache
and methods when evaluating ML models.

2]

—

Methodglogical controls are put in place when assessing machine learning performance to ensure thg
results pre fair and representative. Examples of these controls include establishing computationa
environments, selecting and preparing datasets, and limiting leakage that potentially leads t
mislead|ng classification results. Clause 5.addresses this topic.

O —

)

Merely |reporting performance in_terms of accuracy can be inappropriate depending on th
charactgristics of training data and input data. If a classifier is susceptible to majority class classification
grossly lunbalanced training data_can overstate accuracy by representing the prior probabilities d
the majprity class. Additional measurements that reflect more subtle aspects of machine learnin
classification performance;-such as macro-averaged metrics, are at times more appropriate. Furthe
different types of machine’learning classification, such as binary, multi-class and multi-label, ar
associatied with specific performance metrics. In addition to these metrics, aspects of classificatio
performlance such_ds ecomputational complexity, latency, throughput and efficiency can be relevanf.
Clause { addresses these topics.

< JQq 3T

- (D

(0]

Complications>€an arise as a result of the distribution of training data. Statistical tests of significanc
are undprtaken to establish the conditions under which machine learning classification performanc
differs meaningfully. Specific training validation and test methodologies are used in- machine learnin

model development to address the range of potential scenarios. Clause 7 addresses these topics.

()

Annex A illustrates calculation of multi-class classification performance, using examples of positive and
negative classifications. Annex B illustrates a receiver operating characteristic (ROC) curve derived
from example data in Annex A.

Annex C summarizes results from machine learning classification benchmark tests.

Annex D discusses a chance-corrected cause-specific mortality fraction, a machine learning
classification use case. Apart from these, this document does not address any issues related to
benchmarking, applications or use cases.
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Information technology — Artificial intelligence
— Assessment of machine learning classification
performance

Scope

|

his document specifies methodologies for measuring classification performance of machine |earning
hodels, systems and algorithms.

—

' Normative references

R

—_

he following documents are referred to in the text in such a way that(some or all of their|content
onstitutes requirements of this document. For dated references, only‘the edition cited applies. For
uUndated references, the latest edition of the referenced document (in¢luding any amendments)|applies.

o

(]

SO/IEC 22989:2022, Information technology — Artificial intelligence — Artificial intelligence foncepts
dnd terminology

(]

SO/1EC 23053:2022, Framework for Artificial Intelligence{Al Systems Using Machine Learning (ML)

3 Terms and definitions

Lo ]

or the purposes of this document, the terms anddefinitions in ISO/IEC 22989:2022,1SO/1EC23053:2022,
nd the following apply.

Q

IS0 and [EC maintain terminology databases for use in standardization at the following addreskes:

— ISO Online browsing platform#available at https://www.iso.org/obp

— IEC Electropedia: available at https://www.electropedia.org/

3.1 Classification andrelated terms

1.1

lassification
hethod of structuring a defined type of item (objects or documents) into classes and subclasses in
ccordance ‘with their characteristics

Q = A

[FOURCE™SO 7200:2004, 3.1]
312

classifier
trained model and its associated mechanism used to perform classification (3.1.1)

3.2 Metrics and related terms

3.2.1

evaluation

process of comparing the classification (3.1.1) predictions made by the model on data to the actual
labels in the data

© ISO/IEC 2022 - All rights reserved 1
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3.2.2

false negative

miss

type Il error

Fy

sample wrongly classified as negative

3.2.3

false positive
false alarm
type I error
Fp
sample wrongly classified as positive

3.2.4
true positive
Tp
sample ¢orrectly classified as positive

3.2.5
true negative
Ty
sample ¢orrectly classified as negative

3.2.6
accuradqy
number|of correctly classified samples divided by all classified)samples

Note 1 tq entry: Itis calculated as a=(Tp +Ty ) / (Tp + Fp + TN+ Fy ) -

3.2.7
confusipn matrix
matrix ysed to record the number of correct and-incorrect classifications (3.1.1) of samples

3.2.8
F score
F-score
F-measyre

F;-measjure

harmonjc mean of precision (3.2:9) and recall (3.2.10)

Note 1 td entry: It is calculated as F; =2Tp /(2Tp +Fp +Fy ).

3.2.9
precision

positive|predictive value

number|of samples correctly classified as positive divided by all samples classified as positive

VALl I\

Note 1 toemtry-ttistatcutatedas p=1p5 /{Tp 15 )~

3.2.10

recall

true positive rate

sensitivity

hit rate

number of samples correctly classified as positive divided by all positive samples

Note 1 to entry: Itis calculated as r=Tp /(Tp + Fy ).

2 © ISO/IEC 2022 - All rights reserved
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3.2.11

specificity

selectivity

true negative rate

number of samples correctly classified as negative divided by all negative samples

Note 1 to entry: Itis calculated as s=Ty /(Ty +Fp ).

3.2.12
false positive rate

022(E)

fpll-out
riumber of samples incorrectly classified as positive divided by all negative samples

=z

ote 1to entry: Itis calculated as Fpp = Fp /(Fp +Ty ).

.2.13

umulative response curve

ain chart

raphical method of displaying true positive rates (3.2.10) and percentage‘of positive predictic
ptal data across multiple thresholds

o o e o )

2.14

ift curve

raphical method of displaying on the y-axis the ratio of truépositive rate (3.2.10) between th
nd a random classifier, and on the x-axis the percentage of\positive predictions in the total dat
hultiple thresholds

= Q) Jq e oy

.2.15

recision recall curve

'RC

raphical method for displaying recall (3.2.10) and precision (3.2.9) across multiple thresholds

ote 1 to entry: A PRC is more suitablexthan a ROC (receiver operating characteristic) curve for
erformance with imbalanced data.

- =z (ol . L. . SV

.2.16

eceiver operating characteristic curve

ROC curve

raphical method for displaying true positive rate (3.2.10) and false positive rate (3.2.12) across
hresholds

o (0 e e £y

217
ross-validation
hethod to estimate the performance of a machine learning method using a single dataset

=0 )

Note 1 to'entry: Cross-validation is typically used for validating design choices before training the final

3.2.18

n in the

e model
A across

showing

multiple

model.

maijority class

class with the most samples in a dataset

4 Abbreviated terms

Al artificial intelligence
ANOVA analysis of variance

AUPRC area under the precision recall curve

© ISO/IEC 2022 - All rights reserved
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AUROC
CLT
CPU
CRC

FC

area under the receiver operating characteristic curve
central limit theorem

central processing unit

cumulative response curve

fully connected

FDR
IoU

GPU
ROC

5 Ge)

51 G¢

A gener{

false discovery rate
intersection over union
graphics processing unit

receiver operating characteristic

neral principles

pneralized process for machine learning classification pexrformance assessment

St
pro

(

rt
cess

1. Determine
evaluation
tasks

2. Specify
metrics

3. Conduct
evaluation

4. Collect and
analyze data

5. Generate
evaluation
results

End
process

) =)

Figur

Step 1:
Determ}
Step 2:
Based o
Step 3:

Create t
prepare

Step 4:

Accordi

2 1 — Generalized process for machine learning classification performance assessment

Determine evaluation tasks

ne the appropriate classification task or tasks for the evaluation.
bpecify metrics

h the classification task,specify the required metric or metrics.
Conduct evaluation

he evaluation plan, implement the evaluation environment including software and hardware
datasets andprocess datasets.

Collect and'analyse data

ng to'\the specified metrics, collect model outputs such as classification predictions for eac

sample.

lized process for machine learning classification performance assessment is shown in Figure 1.

h

Step 5: Generate evaluation results

Generate evaluation results based on specified metrics and other relevant information.

5.2 Purpose of machine learning classification performance assessment

The purpose of the assessment and its baseline requirements can vary greatly depending on whether it

applies to the "design and development" or "verification and validation” stage.

The purpose of assessment during the “design and development” stage is to optimize hyperparameters
to achieve the best classification performance. The purpose of assessment during the "verification and

validation" stage is to estimate the trained model performance.

4
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Performance assessment can be applied for several purposes, including:

— model assessment, to know how good the model is, how reliable the model’s predictions are, or the
expected frequency and size of errors;

— model comparison, to compare two or more models in order to choose between them;

— out-of-sample and out-of-time comparisons, to check that performance has not degraded with new
production data.

3.3 Control criteria in machine learning classification performance assessment

3.3.1 General

When assessing machine learning classification performance, consistent apprdaches and methods
should be applied to demonstrate relevance, legitimacy and extensibility. Special‘care should be taken
ip comparative assessments of multiple machine learning classification modéls;-algorithms or systems
tp ensure that no approach is favoured over another.

3.3.2 Datarepresentativeness and bias

Hxcept when done for specific goal-relevant reasons, the trainihg and test data should be a$ free of
gampling bias as possible. That is, the distribution of features’and classes in the training data should be
ratched to their distribution in the real world to the extent)possible. The training data does not need
to match the eventual use case exactly. For example, in the(case of self-driving cars, it can be acteptable
tb assess the classification performance of machine learning models trained on closed-circult tracks
rather than on open roads for prototype systems., The data used to test a machine learning model
ghould be representative of the intended use of thé'system.

Data can be skewed, incomplete, outdated;disproportionate or have embedded historical biases.
Such unwanted biases can propagate biases present in the training data and are detrimental fo model
training. If the machine learning operating environment is complex and nuanced, limited trainfing data
will not necessarily reflect the full range of input data. Moreover, training data for a particylar task
ip not necessarily extensible to different tasks. Extra care should be taken when splitting unhalanced
data into training and test to ensure that similar distributions are maintained between training data,
validation data and test data.

Data capture bias can e based on both the collection device and the collector’s preferencgs. Label
Biases can occur if categories are poorly defined (e.g. similar images can be annotated with different
labels while, due tg-in-class variability, the same labels can be assigned to visually different jmages).
Hor more informéation on bias in Al systems, see ISO/IEC TR 2402711,

L

.3.3 Preprocessing

pecial,care should be taken in preprocessing and its impact on performance assessment, e4pecially
h _the‘case of comparative assessment. Depending on the purpose of the evaluation, inconsistent
Aréprocessing can lead to biased interpretation of the results. In particular, when preprocessing favours
one model over another, their performance gap should not be attributed to the downstream algorithms.
Examples of preprocessing include removal of outliers, resolving incomplete data or filtering out noise.

—

5.3.4 Training data

Special care should be taken in the choice of training and validation data and how the choice impacts
performance assessment, especially in the case of comparative assessment. Depending on the purpose
of the evaluation, the use of different training data can lead to a biased interpretation of the results. In
particular, in such cases any performance gap should be attributed to the combination of the algorithm
and training data, rather than to just the algorithm.

© ISO/IEC 2022 - All rights reserved 5
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In the context of model comparison, the training data used to build the respective models can differ.
One can take two models, trained on different training data, and evaluate them against each other on
the same test data.

5.3.5 Test and validation data

The data used to test a machine learning model shall be the same for all machine learning models being
compared. The test and validation data shall contain no samples that overlap with training data.

5.3.6 [Cross-validation

Cross-validation is a method to estimate the performance of a machine learning method using a'\single
dataset,

The dathset is divided into k segments, where one segment is used for test while the rest/is used for
training. This process is repeated k times, each time using another segment as the test set. When k is
equal tg N, the size as the dataset, this is called leave-one-out cross-validation. Whén K'is smaller thah
N, this i§ called k-fold cross-validation.

—

It can be of interest to compare the performance of different cross-validation techniques when a
other variables are controlled. However, models whose performance is{eing compared should nd
use different cross-validation techniques (e.g. it is not appropriate to eompare Model A k-fold crosg
validatipn results against the mean of Model B single train-test split results).

(=i

The primary use of cross-validation is for validating design choicés such as hyperparameter value:s
by comparing their overall effect on various models. That is why it is typical to retrain a model on th
full datgset after that validation, using the hyperparametersithat performed best on average. Howeve
cross-vdlidation does not provide a performance assessment of that final model, and extrapolatin
perfornjance from the output of cross-validation is.a“rough approximation with no guarantee d
faithfulmpess.

~

(]

L

(=i

Another] use of cross-validation is for comparative evaluation of machine learning algorithms, withou
subsequently training a final model. An algorithm is considered to outperform another if on average it
resulting models perform best.

2]

5.3.7 [Limiting information leakage

j°]

Informaltion leakage occurs when-a machine learning algorithm uses information not in the trainin
data to ¢reate a machine leagning model.

=

Information leakage is ©oftén caused when training data includes information not available durin
productjon. In an evaldation, information leakage can result in a machine learning model’s classificatio
accuracy being overstated. A model trained under these conditions will typically not generalize well.

gq

—

Evaluations shoiild be designed to prevent information leakage between training and test data.

EXAMPL ‘A machine learning model can be designed to classify between native and non-native Spanish
speakery, using multiple audio samples from each subject. Some observation features, such as vowel enunciatiog,
are potentially useful for this type of speaker classification. However, such features can also be used to identify
the specific speaker. The model can use identity-based information to accurately classify test data, even though
this information would not be available in production systems. The solution would be to not include the same
subject in both training and test data, even if the training and test samples differ.

5.3.8 Limiting channel effects

A channel effect is a characteristic of data that reflects how data were collected as opposed to what
data were collected. Channel effects can cause machine learning classification algorithms to learn
irrelevant characteristics from training data as opposed to relevant content, which in turn can lead to
poor machine learning classification performance.

6 © ISO/IEC 2022 - All rights reserved
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Channel effects can be caused by the mechanism used to acquire data, preprocessing applied to data,
the identity of the individual obtaining data, and environmental conditions under which data were
acquired, among other factors.

The data should be as free of channel effects as possible. Controlling channel effects in training data
contributes to better performance. Controlling channel effects in test data enables higher-quality
assessments.

NOTE One method of reducing channel effects is to balance channel distributions for each class in the data.

Heporting should describe known channel effects introduced to the training data. Channe] effects
ghould be accounted for during statistical significance testing (see Clause 7).

HXAMPLE A vision-based system can be designed to distinguish between images of cats andldogs. However,
Fall “cat” images are high-resolution, and all “dog” images are low-resolution, a machine learning classifier can
barn to classify images based on resolution as opposed to content.

[,

L

3.9 Ground truth

iround truth is the value of the target variable for a particular item oflabelled input data. Clepnliness
h ground truth can affect classification performance measurementy*When assessing classjfication
erformance, a strong generalizable ground truth should be established.

eneral agreement on an aggregated ground truth can be quantified using measurements of agfreement
uch as Cohen's kappa coefficient.

Lo e oo S il Y

Y—

h some domains (e.g. medical), inter-annotator variation can be significant, especially in tasKs where
eam-based consensus is involved.

ol

L

.3.10 Machine learning algorithms, hyperparameters and parameters

lost machine learning algorithms have characteristics that affect their learning processes, khown as
yperparameters. Machine learning algorithms use hyperparameters and training data to gstablish
hternal parameters. The manner infwhich these parameters are computed can vary. For ¢xample,
enerative algorithms can optimjze\parameters such that the probability of the available trainling data
5 maximized, whereas discriminative algorithms can optimize parameters to maximize classffication
ccuracy.

Q g e e e

—_

[yperparameter types should be reported for all machine learning algorithms in an assessment, as
vell as hyperparameter values for each machine learning model.

<

lyperparameter¢seléction bias should be taken into account when machine learning moglels are
ompared. Diffenént machine learning algorithms can have different numbers of hyperparpmeters
vith different@adjustment capabilities. The degree of overfitting in the training process can then differ
cross machine learning algorithms.

QD < 0O ==

—_

his,is;especially pronounced in deep learning with its many combinations of architectures, adtivation

functions, learning rates and regularization parameters. No information from the test set shall/be used
Wwhan adinncting hyrnmarimaraaa o farc ac +hic txvrnicallir loade +0 Avar antiaictis nAarfaiin N ~n Aot mation.

TICTT uujuaullls Ty pCT paraliCtlT s, oS tIIrS Oy pIcdiry cats cO-OveT Up TS e prTrioT rartct—C ST

When label information is needed for such tuning, it is typically drawn from a separate set of data,
called the validation set, which is disjoint from the test set.

This challenge can be addressed through approaches such as nested cross-validation. In this
training process, an outer loop measures prediction performance while an inner loop adjusts the
hyperparameters of the individual models. In this fashion, methods can choose optimal settings for
building predictive models in the outer loop.

See Annex C for summary information on selected machine learning classification benchmark tests,
including model parameters and values associated with performance against various datasets.
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5.3.11

Evaluation environment

Evaluation environmental requirements are as follows:

— the

evaluation environment shall not be modified while the assessment is in progress;

— hardware and system software shall not be modified during the assessment;

— the same test environment should be considered for the machine learning models under assessment.

The eva

lnation anuvivanmant chould oot tha ity anuivranmantal raoniiramaontc raonirad 1‘\ 7

the targ
dependd
to implg
evaluati
impact

for prog
applicat]

5.3.12

The san{
of acceld
should 1

Accelers
specific
exampld
memory
or a con

5.3.13

A basel
perform

consider

compar

5.3.14

It is important to consider-the overall system (including components and sub-systems) in which a
maching learning model”will be deployed when assessing machine learning model performancg.

Further,

performance trade-0offs. It can be necessary to measure performance with multiple contextual dataset]

to come

6 Sta

TOorC O C TV T O T Tt o T o o O T C Tt T T T T O T T O TV IT O o rreott T o o Crerreo— oo

et machine learning model. This increases the utility of evaluation results for environmenf
nt performance dimensions such as processing time and processing cost. When it is infeagsibl
ement the required minimum environmental requirements with the actual applicatien, a
on environment can be designed to simulate an actual application. In such cases, the potentig
on environment-dependent evaluation results should be analysed. For example, result
essing time and processing cost are not necessarily reflective of performance in an actua
jon.

— A — = (D

Acceleration

)

e test environment should be used for all machine learning modelS’under evaluation. Any us
bration during training or testing shall be reported. Each machihe learning method under tedt
e optimized to utilize acceleration when available and apprdpriate.

tors can be exposed as specialized hardware, graphics¢processing units (GPUs), application-
integrated circuits or a set of instructions built intexcentral processing units (CPUs). Othelr
s of acceleration include sparsity, pruning and other optimizations focused on improving
bandwidth. Accelerators can be applied to a simplefunction (e.g. general matrix multiplication)
plex function (e.g. a complete ResNET function).

Appropriate baselines

ne method can be necessary as.a basis of comparison for machine learning classificatio
ance. Trivial baselines, such as“those that always predict the majority class, are useful t
for the sake of calibrating metric interpretation, but they should not be the only point ¢
son.

- o =

Machine learning classification performance context

—

context su€h—-as environmental variables can guide machine learning model classificatio

2]

to a final conclusion on machine learning model performance.

tistical measures of pprfnrmnnrp

6.1 General

Machine learning classification can be categorized as binary, multi-class or multi-label. Performance
measurement for each category is described in this clause.

The classes are typically from a discrete and unordered set, such that the problem cannot be formalized
as a regression task. For example, a medical diagnosis of a set of symptoms can be {stroke, drug

overdos
class to

e, seizure}, there is no order to the class values, and there is no continuous change from one
another.
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6.2 Base elements for metric computation

6.2.1 General
Several classification metrics are derived from the following elements:
— true positive (Tp);

— true negative (Ty);

—+ false positive (Fp);

+ false negative (Fy).

o

.2.2 Confusion matrix

L confusion matrix in general will have true classes in columns and predictedclasses in rows. While
onfusion matrices are used to generate several widely applicable classification performance metrics,
hey can also be used to calculate metrics for specialized applications. See-Annex D for an example of
ne such metric, cause-specific mortality fraction (CSMF).

O ct O N

6.2.3 Accuracy

lan

Llccuracy should not be used to express comparative perferinance across models unless clagses are
Known to be reasonably balanced.

6.2.4 Precision, recall and specificity

o

LS precision increases, more true positives are“detected, but false negatives are not accounted for.
recision of a class is calculated as:

-

T;
p:—P
Tp +F

o

\s recall increases, more true positives are detected, but false positives are not accounted for. Recall of
q class is calculated as:

T;
r:—P
Tp +Fy

lan

\s specificity inéreases, more true negatives are detected, but false negatives are not accounted for.
pecificity of aclass is calculated as:

(@a)

F; score is calculated as:

2T,

Fi=—r—F——
2Tp +Fp +Fy

6.2.6 Fp

Precision and recall are not necessarily of equal importance in an Al application, such as when the cost
of a false positive is much higher than the cost of a false negative. The F; score value can be varied to
account for these cases, expressed as FB[Z].
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P values greater than 1 indicate that recall is more important than precision, meaning that false
negatives are to be minimized. f§ values lower than 1 indicate that precision is more important than
recall, meaning that false positives are to be minimized. F is calculated as:

Fp :(1+ﬁ2)p—*r

where

ib lJl CLiDiUll Ufa \,laaa,
B |isafactor indicating how much more important recall is than precision;
r |isrecall of aclass.

The pretision and recall weight can also be directly applied with the pair value of (¢ ,. ) through th
following:

)

F(ap,pr) =0

6.2.7 |Kullback-Leibler divergence

Kullback-Leibler Divergence (Dy;) is a well-known measure for quantifying the difference between
target djstribution and an estimated distribution. While often.used as a loss function, it is also used als
an evalyation metric over a dataset. In such cases the considered distribution is about the prevalence d
each label in the dataset, rather than the probability distribution of each label for an individual samplg.

j*¥)

)

A general formula over all classes x is as follows:

Dt <p,q>=2p<x>log[@]
q(x)

where
p(x)| isthe ground truth or target distribution;
q(x)| isthe estimated distribution from the classifier.
6.3 Binary classification

6.3.1 |General

In binarjy classification, each sample is labelled as one of two mutually exclusive classes. These classe
are often “positive” or “negative” with reference to a categorization. The two classes are typicall
unorderfed:

<

EXAMPLE Machine learning classification software learns to mark email as “spam” or “not spam” based on
input provided by the email recipient.

One-class (also known as unary) classification is similar to binary classification. In unary classification,
a single target class exists, along with an outlier class comprised of anything not in the target class. In
contrast to binary classification, this outlier class is not explicitly modelled. One-class classifiers are
typically used when training data is highly imbalanced, such as when training data only exists for a
single target class. In this way, the data from a single class is used to build a model.
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6.3.2 Confusion matrix for binary classification

In binary classification, one class is considered as positive and the other one negative, so drawing the
confusion matrix is equivalent to computing true and false positives and negatives. Table 1 shows the
form of a confusion matrix for a binary classifier.

Table 1 — Elements of a binary confusion matrix

true classes

o —

o —

o

= S

j
g

positive TIegative
predicted |positive |true positive (Tp) false positive (Fp)
classes |negative [false negative (Fn) true negative (Ty)

.3.3 Accuracy for binary classification

h the case of binary classification, the application of the definition of accuracy’leads to the fi
omputation:

_ (p+Ty)
(Tp+Fp +Ty +Fy)

.3.4 Precision, recall, specificity, F; score and F;; for binary classification

h the case of binary classification, the terms precision, recall, specificity, F; score and Fﬁ refd
omputation of those metrics for the positive class.

.3.5 Kullback-Leibler divergence for binary.elassification
or a binary classifier, the formula for Kullba¢k-Leibler divergence is as follows:
Tp + Ty +F
(Tp + Fy)*log PN 4 (S g0 (TN Fi)
(Tp +Fp) (Ty +Fy)

Vhere N is the number of samples.

.3.6 Receiver operating characteristic curve and area under the receiver operating
haracteristic curve

L ROC curve is\a graphical method for displaying true positive rates and false positive rate
hultiple thresholds from a binary classifier.

llowing

br to the

S across

0 express performance across all thresholds, the area under the receiver operating charagteristic

urve (AUROC) can be calculated. A higher AUROC indicates more robust performance, rangin

(

b from 0

wapst) to 1 (best). Classifiers that perform no better than chance will have an AUROC of 0,5.

AUROC is well-suited for cases where ranked predictions are important. It is also well-suited for cases
where false positive rates and true positive rates are of roughly equal importance. AUROC is not well-
suited for cases in which data are imbalanced, because it does not account for the proportion of false
positives and true positives.

See Annex B for an illustration of a ROC curve derived from binary classification outputs.

6.3.7 Precision recall curve and area under the precision recall curve

Precision recall curve (PRC) is a graphical method for displaying recall and precision across multiple
thresholds. The graph plots recall on the x-axis against precision on the y-axis.

© ISO/IEC 2022 - All rights reserved
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To express performance across all thresholds, the area under the PR curve (AUPRC) can be calculated.
A higher AUPRC indicates more robust performance. The closer the PRC is to the upper right corner, the
better the classifier.

AUPRC is well-suited for cases where achieving good results on the positive class is important, as well
as when data are imbalanced.

6.3.8 Cumulative response curve

Cumulativeresponse-curve [CRC) _alsgo referred as gain curve or gain chart is a granhical method of
g T 77 =) =) 7 5o

displaying true positive rates and percentage of positive predictions in the total data across multiple
thresholds.

To express performance across all thresholds, the area under the cumulative response cutve'can be
calculatpd. Higher values indicate more robust performance, ranging from 0 (worst)to 1 (best).
Classifigrs that perform no better than chance will have a value of 0,5.

The CR( provides an alternative to ROC. The CRC is useful in cases where the goals to target a certai
proportjon of the dataset.

[=)

6.3.9 [Lift curve

)

Lift curye is a graphical method of displaying on the y-axis the ratig oftrue positive rate between th
model ahd a random classifier, and on the x-axis the percentage of positive predictions in the total dat
across nhultiple thresholds. Hence the lift curve is directly relatedto’the gain chart.

[+

(=i

The lift| curve shows the advantage provided by the classifier over random guessing at differen
percentages of the total data.

6.4 Mpulti-class classification

6.4.1 [(General

In multitclass classification, each sample-isJabelled as one of three or more mutually exclusive classes

»n o«

EXAMPLE Machine learning classification software learns to categorize images as “dog”, “cat” or “other
based onflabels assigned by a humansreviewer.

»

6.4.2 [Accuracy for multi-€lass classification

Accuracjy is a typical evaluation metric for a multi-class classifier. In that case it corresponds to the sun
of true positives for each’class, divided by the total number of elements in all classes. Per-class accuracy
can alsg be computed-in the multi-class case, but it is equivalent to the recall of that class.

=)

6.4.3 |Macre-average, weighted-average and micro-average

Several [mtlti-class classification metrics are based on the averaging of per-class metrics: precision,
recall, specificity and F; score. Multi-class performance can be expressed using one or more of macro-
average, weighted-average and micro-average approaches. A basis for selection of the appropriate
multi-class performance approach shall be reported.

The two-class concepts of positive and negative can be generalized for a multi-class problem by
considering samples in the target class to be positive and samples in all other classes to be negative.
For example, false positives with respect to class i are samples belonging to other classes that are
incorrectly classified as class i.
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Using F; for illustration, macro-average F;, weighted-average F; and micro-average F; approaches are
as follows:

— Macro-average F; averages F; for each class without accounting for the number of samples within
each class.

— Weighted-average F; acknowledges class imbalance, weighting the F; score of each class as a
function of class size. It is calculated by multiplying the F; score of each class by the number of class
samples, then dividing by total samples.

4+ Micro-average F; aggregates precision and recall across all classes as one monolithic $et. It is
calculated by summing true and false positives and negatives for all classes then calculating F; from
these aggregates.

he three approaches target different use cases. Macro-average F; (MAC'F1 ) is appropriate when good

]
performance is equally important on each class, regardless of their prevalence.
N

licro-average F; (MIC,Fl) is more relevant when achieving good performarnce on a given sample is

@D

qually important, regardless of its class.

Pl

Veighted-average F; (WTD‘Fl) favours the performance on the anajority class, so that it fypically

—

einforces class imbalance compared to micro-average. Its use is:more appropriate when priorjty is set
n handling that majority class rather than minority classes.

Qo

Hormulae for multi-class machine learning classification performance approaches are as followfs:
Ilet Tp; denote the number of samples correctly classified as class 1.

Ilet Fp; denote the number of samples from other*classes incorrectly classified as class i.
Ifet Fy; denote the number of samples from glass i incorrectly classified as another class.
Ifet L denote the total number of classes:

llet N denote the total number of samples in all classes.

L

Mac =12 —
1 L =2 Tp; 4 Fpj +Fy;
L
Wing, =3 Tpfh PN o 2% Tpi
1 ~ N 2*%Tp; + Fp; + Fy;

2 iL=12 “Tpi

L
D 2* T + Fpy +Fy;
Thé’)same approach can be used to calculate micro-average, macro-average and weightediaverage

results for precision, recall and specificity. However, for those metrics the most typical approach is
macro-average, as most of their other variants have equivalence properties with other existing metrics.

Mg o=

See Annex A for an illustration of the progression from a confusion matrix to multi-class performance
reporting.

6.4.4 Distribution difference or distance metrics

Another way to assess multi-class machine learning classification performance evaluation considers
the difference in class distributions between labelled data and predicted data, using the following:

Let T be the total number of samples.
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Let T; be the number of samples for each class.

Let P; be the number of samples predicted for each class.

Construct discrete distributions Ty = (T4,T5,...,T,,)/T and P; = (P4, P,, ... P,)/T.
Compute the difference in the distributions.

For Kullback-Leibler divergence, the difference metric is computed as

p_/\
D=2 (RI"W )T

1

NOTE 0 * log (0/x) == 0.
6.5 Mpulti-label classification

6.5.1 [General

In multitlabel machine learning classification, a sample can be labelled as one\or'more classes. Classefs
are not mutually exclusive, and a sample can have multiple labels. Further, classes can be correlated.

[+

Multi-lapel machine learning classification performance assessment is~complicated by the fact that
sample ¢an have multiple labels. A machine learning model can predict a subset of all correct labels for
given sajmple. Alternatively, a machine learning model can correctly predict some labels but incorrectly
predict pthers for a given sample.

j*2)

EXAMPLE Multi-label machine learning classification software learns to categorize text as one or morg
of opinign, news, hostile, sympathetic, misinformation or disinformation based on labels assigned by a huma
reviewer A given text can be labelled as hostile, opinion_and disinformation. A different text can be labelle
news.

0=

Different metrics are available to assess multi-label machine learning classification performancg
includiIrJg Hamming loss, exact match ratio and“the Jaccard index. A number of metrics for binary an
multi-class classification are also applicable) often after some adaptations. For instance, exact match
ratio is an adaptation of binary accuracy.

— <

A basis for selection of the metric for-multi-label performance assessment shall be reported.

6.5.2 |Hamming loss

=

Hamming loss is the nunibéer of incorrectly predicted labels divided by the total number of labels. Lowe
values represent mor€.robust performance. Hamming loss treats positive and negative errors equall
and is therefore useful as a general measure of performance.

Y

Hamming lossdsicalculated as follows:

Let N, L denote the total number of samples and labels present in a dataset.

Let IAw. :IAI.71, IAI.72, vy 11.7L denote the predicted label values for x;. IAI.’]. =1 iflabelj is present among the

predicted labels for x;, otherwise iij =0.

Similarly, let [; ;=1; 1, [ 3, .., [; |, denote the ground truth label values for ;. /, ; =1 if label j is present
among the ground truth labels for x;, otherwise ; ;=0.

14 © ISO/IEC 2022 - All rights reserved


https://standardsiso.com/api/?name=9c1c658ee1313465ea96941919459784

ISO/IEC TS 4213:2022(E)

Hamming loss for data sample x; can be expressed as follows:
{ L
Hﬂﬁ):z}?@Jiﬁﬂ
j=1
Total Hamming loss is the average Hamming loss over all data samples. Total Hamming loss can be
expressed as follows:
., N

L
NLL 221 (Ii,j * II'J)

i=1j=1

H =

6.5.3 Exact match ratio

xact match ratio, or subset accuracy, is the percentage of samples for which all labels are predi¢ted and
redicted accurately. Given a sample with correctlabels A4, B and C, exact matchfatio treats a priediction
vith labels A and B (but not C) as an error. This approach treats partially cerrect predictions af errors.
his coarse approach can be appropriate for first-order assessment when.data are highly imbalanced.

o e o S =

xact match ratio is calculated as follows:

e

llet N, L denote the total number of samples and labels presentin a dataset.

—

et I denote the indicator function.

Llet il and [; denote the set of predicted and ground truth label values for data sample x; respegtively.

The exact match ratio can be expressed as follows:

N
1 .
Eyr NZI(II' = Ii)
i=1

o\

.5.4 Jaccard index

la

inother frequently used metric for multi-label machine learning classification is the Jaccard index,
ommonly referred to as intérsection over union (IoU).

o

—~

|y is calculated as follows:
llet P denote sets of\predicted labels.

llet T denote sets’of true labels.

7' P|
U rop)
his metric can bhe annlied at the dataset level (hy agoregating all labels from all samples) ar at the
rr o) oo To o] ) g

sample level (by computing sample-specific [oUs and averaging them).

6.5.5 Distribution difference or distance metrics

Similar to the distribution difference method to assess multi-class machine learning classification
performance, multi-label machine learning classification evaluation considers the difference in class
distributions between labelled data and predicted data, using the following:

Let T, be the number of samples for each class. Samples can belong to multiple classes.

Let T, be the number of total labels assumed by all samples.
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Let P; be the number of samples predicted for each class.

Let T, be the number of total labels assumed by all predictions.

Construct discrete distributions Ty = (T, Ty, ..., T,))/T, and Py = (Py, Py, ..., P,)/T,.

Compute the difference in the distributions.

For Kullback-Leibler divergence, the difference metric is computed as

Dy,

NOTE

6.6

6.6.1

Additional machine learning classification performance attributes can be taken'itito consideration wit
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(D

Computational complexity

1

0 *log (0/x) == 0.

General

==}

to the implementation and deployment of machine learning classification systems. In additio
racy metrics derived from confusion matrixes, assessors can censider latency, throughput
y and energy consumption as elements of a four-dimensional optimization space whe
g the classification performance of a machine learning systeim. One or more of these elementfs
btrain joint optimization across these dimensions when developing or assessing a system.

—

Classification latency

ractive, user-facing classification applications, it can be necessary to estimate classificatio
The duration from user input to machine learning model inference can determine the qualit
ce provided. This duration should fall within latency bounds that define the operationg
nts of the implementation.

—S=

=™

E Hyperparameter optimization.can'be used to improve model accuracy, potentially with increase
mplexity. In some cases, a resultanf optimized model that fails to meet latency thresholds is considere
able.

jom

ation latencies can be catised by factors such as slow feature storage, larger batch sizes thqt
[ latency with throughput) model complexity and inefficient resource tuning.

p classification madels, specialized hardware and accelerators can be used in an end-to-eng
to meet latency constraints, thereby leading to large configuration space. Queuing delays in
bneous pipelined arrangement can emerge due to variable speeds and their association with the
ival process:;for a given system configuration.

1*

ation latency can be expressed as follows:

/
Al o N

Vil
Umr = 1dj)

is the total number of samples in a given dataset;
is the time at which the machine learning model generates an inference for the ith sample;

is the time at which the it" sample is ingested into the inference processing pipeline.
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6.6.3 Classification throughput

Classification throughput is the number of inferences per unit of time that a machine learning model

computes, given latency constraints.
Classification throughput can be expressed as follows:

N cla
Te - Tb

where

N

Ja  isthe total number of samples for which a machine learning model generates ai'infg

a given period of time under latency constraints;

T,

o is the time at which inference ends for the N, samples;

T, is the time at which begins for the N, samples.

hroughput of an Al device or Al system can be improved by performing clagsification in a grouped oy
hference manner. This enables greater utilization of the computational units on the system and increa
f filter weights in inference operations, especially on multi-threaded and larger compute devices.
rouped or batched operations can result in higher latencies for each of the individual classifications.

QO = & —=

6.6.4 Classification efficiency

(lassification efficiency is the degree to which an,objective (considered an input-to-output
dchieved economically. The objective is a function(of accuracy attributes as discussed in 6.2 to

o

lassification efficiency is an important.measure of advancement in machine learning.
lassifiers require fewer computations to train a particular function than inefficient classifiers

o

wal

XAMPLE Since 2012, the amount-of computation needed to train neural networks to achieve
performance in the ImageNet classification has decreased by a factor of two every 16 months[3l.

o

.6.5 Energy consumption

[ is important to consider;How performance and implementation of an Al system will be con
y the energy consumption bounds (such as performance per watt). This issue is par
portant when an~Al system is extensively used or widely adopted. This topic is consig
teferences [4],[5}16],[7],[8],[9] and [10].

o o —

r

or many useases, satisfactory performance at lower energy cost can be desired or practical
est perfermance possible. In many cases this allows for trade-off of power and performance.

_

histrade-off, performance per power (watt), can be computed by measuring total performang
given'interval T. Average performance can be represented as P/T. Similarly, average power P fo

rence in

OTE Latency constraints can be unbounded if specified by user or system designer. For example, the

batched
ed reuse
However,

ratio) is
D.5.

Efficient

he same

trained
ficularly
lered in

over the

e Pfora
a given

nnnnn 17T nl ntad by /T

1t 2 ranraca saabhawra D'ic Aoy s na o d 100 1o oo
1ptervar—+T—€€anone TCPTCSUITCO Oy L7 1, WhOCTU LIS LT gy i asur O JUuTe Sy

Therefore, performance per watt can be represented by (P/T)/(E/T) = P/E.
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For example, in the use case of visual inference, if performance is measured in number of frames
classified per second (F/t), then the performance-per-watt becomes frames-per-joule (Fp). A
corresponding measure, Joules per frame (Jpg), can be represented as follows:

t=0
F

t=T
J' P(t)dt
]PF = -

Where F is the total number of frames inferred and T is the total time required to analyse F frames. In

th itk 3g maoaen irablata ool I for o wratala olo afiad Foona
(0) er CasesHtsmore-aestrante—+to airary SCTPpL TOT actuTattTy CTaASSTITCU T atrcSy

A more generalized form for different use cases can be represented as follows:

J.t:TP(t)dt

1 Je=0
I ¥

Where Jj is Joules per inference and I represents the number of accurately classifiéd inferences.
NOTE Higher energy consumption increases the costs of an Al system.

EXAMPLE In a data centre application, careful consideration of energy ‘consumption can be necessarfy
because the deployment of the Al solution is constrained by available cooling aind power delivery.

While these energy consumption considerations occur at the poifityof inference, energy consumption
during fraining is also relevant, as discussed in References [11] and [12].

7 Statistical tests of significance

7.1 General

je )

Differences in accuracy and other measures of machine learning classification performance can depen
greatly pn the particular data on which these measures were evaluated. It is therefore necessary t
accountffor the test data when making claiins about machine learning classification performance. Thils
accountjng shall include the number and distribution of samples available for evaluation.

1=

This isstie is of particular importange in evaluations where a relatively small dataset is used for testing
Itis alsgimportant if the evaluation methodology is based on approaches such as k-fold cross-validatio
that usel multiple permutations of a dataset to train and test a model. In different ways, the technique]
discussed in this clause attempt to address whether differences in model performance are based o
chance.

A

- ) =

The scigntific community brings varied approaches to this area, e.g. with regards to natural languag
processing. The.Statistical tests of significance discussed in this clause are among the primary method
used in practice, However, many additional tests exist for different scenarios and applications, and the
question of which tests are optimal for different scenarios and applications is not settled.

Uy (D

Evaluations should report on the application ol statistical tests ol signiiicance to machine learning
classification performance results. If no statistical tests of significance were performed or no analysis
was applied, evaluations should report accordingly.

7.2 Paired Student’s t-test

A paired Student's t-test compares the means and standard deviations of two groups to determine if
differences between the groups are significant. The paired Student’s t-test assumes normal distribution,
and it is not applicable when three or more groups are being evaluated.

For machine learning classification, this speaks to the question as to whether differences in accuracy
between models are statistically significant.
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While the paired Student’s t-test is commonly used by practitioners, it should not be used in evaluations
based on k-fold approaches. Data resampling across multiple training sets means that values are no
longer independent, contradicting an underlying assumption of this type of test.

A more robust approach is to use 5x2 cross-validation, as introduced by Dietterich.[13] Designed to
mitigate the issue of sample dependence, this test uses five runs of two-fold cross-validation. In each
run, data are divided into training and test. Models are both trained and tested on each set, and
performance is calculated for each permutation.

~ A 1 = c -
) AlldlyS15 Ul vdI IdIILT

Vhen comparing more than two groups, analysis of variance (ANOVA) can be used (o “ddtermine
vhether the means of more than two groups are equal (i.e. whether differences in aceuracy between
hree or more models are statistically significant). ANOVA assumes normal distribution gnd that
ariance is homogenous.

< o <

LNOVA is based on between-group and within-group mean-squared valdes” The sum of [squared
ifferences between groups expresses group means’ deviance from the gverall mean. Thel sum of
quares within-group is based on the squared sum of values, centred on.&dch group’s overall mgan. This
xpresses measurement variance within each group.

[ar M, M Wilia o

=

he F-statistic is the ANOVA test statistic, calculated as the ratio~of the between-group and| within-
group mean squared values.

7.4 Kruskal-Wallis test

he Kruskal-Wallis test is a non-parametric, rank-based method for testing whether samples griginate
Fom the same distribution. It can be used to compare the performance of three or more independent
roups. If the Kruskal-Wallis test value is greater than the critical chi-square value, then the groups
ave a different distribution.

o il 6 1 © Wil o W S |

G |

.5 Chi-squared test

he Chi-squared test is a method-for determining for independent, categorical variables whether
bserved and expected frequenciées match. The Chi-squared test uses a contingency table to dgtermine
vhether two variables are associated, resulting in a test statistic with a chi-squared distributign. Large
hi-squared values indicate poorly matched observed and expected frequencies.

O < o o=

7.6 Wilcoxon signed-ranks test

he Wilcoxon sigriéd-ranks testl14] is a non-parametric alternative to the paired Student’s t-tes{ applied
p ranked datar For each dataset, the test ranks the performance differences for two classiffers and
omparegranks for positive and negative differences. The goal is to determine whether any rgndomly
elected-observation will be greater or less than a sample in the other dataset’s distribution.|Ranked
aluesdor both datasets are interleaved to identify any clusters at opposite ends, which would|indicate
hatthe results fail the significance test.

[ < B ¥ T o W e o |

7.7 Fisher’s exact test

Fisher’s exact test is a test of statistical significance used in the analysis of contingency tables, matrices
that show variables’ frequency distribution. It is applicable when analysing two nominal variables
(categorical variables with no assumptions of rank or order). Fisher’s exact test investigates if a nominal
variable’s proportions differ from those of another nominal variable, particularly for tests with small
sample sizes.

© ISO/IEC 2022 - All rights reserved 19


https://standardsiso.com/api/?name=9c1c658ee1313465ea96941919459784

ISO/IEC TS 4213:2022(E)

7.8 Central limit theorem

The central limit theorem (CLT) states that as sample size increases, the mean values of all the samples
will approximately take the shape of Gaussian distribution around the population mean. Each sample
is defined as a group of observations drawn from the same underlying population distribution, which
is a part of a larger searchable population. The population is defined as a search space with all possible
observations captured during a trial. CLT-based tools can be employed to estimate the likelihood that
two samples with different accuracy scores were drawn from the population with different underlying

distribu

tions.

By meaf
classific
In othen

can be attributed to a faulty model or missing feature. Alternatively, independent calculations of mods

accurac
for a giv

7.9 McNemar test
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Where 1
When c

uring the error distribution for a given model, the CLT method can also explain whetherh
words, if the error distribution for a given model is not normally distributed or is skewed,

y on multiple samples approximate the model skill distribution around overall miean accurac
en problem.

Nemar test is a non-parametric test applied to paired nominal data represented in contingenc
t is suitable for use when training cannot feasibly be executed“multiple times, precludin
hes such as k-fold cross-validation.

Nemar test attempts to answer whether the contingency table is homogeneous. It does this b
g cases where model classification results differ, suchias aggregate results where machin
model A classifies a sample as “dog” and machine learning model B classifies that same sampl
dog”. The test determines whether models’ relative proportion of errors differ. Variants of th
ir test can be used when values in the contingengy-table are small.

ccommodating multiple comparisons

General

Itiple comparisons problem dccurs when a set of statistical inferences are considere
neously. For example, if a statistical test is performed at the a =5 % level and the correspondin
othesis is true, there is onlya:5 % chance of incorrectly rejecting the null hypothesis. Howeve
re performed, and all corresponding null hypotheses are true, the expected number of incorred
hs is 0,05 * n. If the tests are statistically independent from each other, the probability of at leas
rrect rejection grows-with the number of tests. That is, the family-wise error rate is

1—o)"

h is the ntumber of tests.

bmparing classifiers, the multiple comparisons problem would exist when a single classifie
red against several others, individually, or when multiple hyperparameterizations of thes

is comp

ation error for a given model can be attributed to noise or to the absence of a critical feature.

—

84°]

—~ t < 09 =& O ® b X

—

classifie

7.10.2

rs are compared.

Bonferroni correction

The Bonferroni correction is as follows:

LetHy, ..

Order the p-values by increasing value, p';, ..., p’,,, where their associated hypotheses are H'y, ..., H'

20

., H,, be a family of m null hypotheses, with p, ..., p,, as their corresponding p- values.

m*
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Given an empirical significance level a, k is the minimal index such that

(04

o
Pk m+1-k

Reject null hypotheses H'y, ..., H'; 1, and do not reject the others.

7.10.3 False discovery rate

lca diccanryy ot (DIDY 10 o0y o o bhito s dictriba o oliinc Af oo £acd 1o o s by S o o d

arse-aiscoveryrate{FbRHsarapproachtoaajusttre p—vatuesotreachtestiramutt-eompartsqn study.
HDR describes the rate of which a given set of hypothesis tests would falsely identify a significant test.
DR is less conservative than the Bonferroni approach and has greater ability to find truly'Significant

rlesults.

=

8 Reporting

The following should be reported:

+ source, size and composition of training data;

+ source, size and composition of test data;

+ efforts taken to analyse, account for and reduce bias in test and training data;
+ methods by which ground truth is established in testand training data;

+ reliability of ground truthin testand training dataand its potential impact on statistical signjficance;

+ number of true and false positive instances«correctly and incorrectly classified at representative
operating points;

+ test environment to include hardware(CPU/GPU or other processing architecture) and goftware
(operating system) used to generaté.inferences, with specific versions and generations;

+ inference generation duration or other measures of computational efficiency.
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Annex A
(informative)

Multi-class classification performance illustration

rogression from raw classification outputs to multi-class results

Tables Al.1 to A.4 illustrate the progression from raw classification outputs to class-specific perforrmanc

to multi

class results, using approaches described in 6.4.2 and 6.4.3. Table A.1 shows a confusion matri

for clasdes A, B and C. True positive results are shown in bold across the diagonal axis.

Table A.1 — Confusion matrix for multi-class classification with classes A, B, C

Actual
A B ¢
o
3 A 400 150 14
2
@ B 23 3800 144
(a9
C 13 355 65

Table A2 shows notional true positive, true negative, fals&positive and false negative counts for eac
class. P1fecision, recall and other metrics can be calculated from these counts.

Table

Table A.
counts 9

Table

A.2 — Notional true positive, true negative, false positive and false negative counts for
classes A, B, C

A B C
Tp 400 3800 65
Ty 4364 492 4373
F 164 167 368
Fy 36 505 158

3 shows binary dc¢uracy, precision, recall, specificity and F; for each class, calculated from th

< (D

hown in TabletA)2.
A.3 —Accuracy, precision, recall, specificity and F; for classes A, B and C (in per cent)
A B C
Accuracy| 91,74 88,27 29,15
Binary Accuracy| 95,97 86,46 89,40
Precision| 70,92 95,79 15,01
Recall| 91,74 88,27 29,15
Specificity| 96,38 74,66 92,24
F;| 80,00 91,88 19,82

Table A.3 shows how accuracy computation, expressed as per cent, differs from the application of binary
classification metrics. Overall accuracy in the Table A.3 example is 85,92 %

Table A.4 shows micro, macro and weighted multi-class results, calculated from Table A.2 and Table A.3
using the formulae shown in 6.4.2. Table A.4 also shows how accuracy computation differs from the

22
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application of binary classification metrics. Because Class B is much larger than Classes A and C, it is a
strong determinant of weighted performance.

Table A.4 — Macro, weighted and micro multi-class results (in per cent)

Macro Weighted Micro

Accuracy 90,61 87,43 90,61
Precision 60,57 89,98 85,92
Recall 6972 8592 2592
Specificity 87,76 77,36 92,96
F 63,90 87,60 85,92
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Annex B
(informative)

Illustration of ROC curve derived from classification results

B1 P
The foll

described in 6.3.4. The classification output is first sorted in descending order, as shown in Table B.1.

At each
positive
space. T
thresho
a) plot
b) thrg
c) thrg
d) thrd

e) thrd

rogression from raw binary classification output to ROC curve

wing figures illustrate the progression from raw binary classification output to ROC curve, afs

Table B.1 — Example of classification output for ROC generation

Predicted probability Actual class
1,00 Yes

0,96 Yes

0,94 Yes

0,86 Yes

0,03 No

0,03 Yes

0,00 Ne

row in the table, a confusion matrix can e created counting the number of true and fals
5 and negatives. The T}, and Fp rates at that probability threshold are then plotted in the RO
he process is illustrated in Figures B.1't0e-B.7, where “X” shows an incorrect classification at thi
d and a black circle shows correct classifications:

Uy CJT (D

ting actual class values against predicted probabilities of each sample (Figure B.1);
shold = 0,99 (vertical line};where Tp rate = 0,18 and Fp rate = 0 (Figure B.2);

shold = 0,9, where Tpxate = 0,68 and Fp rate = 0,02 (Figure B.3);

shold = 0,7, wheré\Fp rate = 0,75 and Fp rate = 0,03 (Figure B.4);

shold = 0,3, where Tp rate = 0,96 and Fp rate = 0,14 (Figure B.5);

shold =0,01, where Tp rate = 1 and Fp rate = 0,59 (Figure B.6);

curve rendered from performance at multiple operating points y (Figure B.7).

f) thrg
g) RO(
24
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Figure B.1 — Plotting of actual class values against predictéd)probabilities of each sai
Y
— = %X % 3 k3 X XX x x% 60
0,8 —
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Figure B.2 — Threshold = 0,99, Tp rate = 0,18, Fp rate = 0

mple
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Figure B.3 — Threshold = 0,9, T rate = 0,68, Fp rate’= 0,02

Y
— = % ® % % ® b & 4 A o0 o O
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Figure B.4 — Threshold = 0,7, Tp rate = 0,75, Fp rate = 0,03
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