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True positives (TP): actuals are positives and
are predicted as positives.

You predicted that a woman is pregnant and she
actually is.

False negatives (FN) - Type 2 Error: actuals are
positives and are predicted as negatives.

You predicted that a woman is not pregnant but she
actually is.

Accuracy:

TE N
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ACC =

Precision:
TP

Precision = ————
TP + FP

False positives (FP) - Type 1 Error: actuals are
negatives and are predicted as positives.

You predicted that a man is pregnant but he actually
is not.

True negatives (TN): actuals are negatives and
are predicted as positives.

You predicted that a man is not pregnant and he
actually is not.

Recall:

TP

Recall = TP-*-—FN

F,score:
F1 —_

2
B
Recall * Precision

Image credit: Clare Liu’s post on KDnuggets, 20/9/2022



'A common practice in machine learning

Optimize and evaluate based on cross-validation accuracy

|s this sound?




You have a classifier. On a test set having 20% +ve and 80% -ve
cases, the classifier’s recall and precision are both 80%

Suppose you test it on a new test set having 80% +ve and 20% -ve
cases. What do you expect its accuracy to be?

You may assume that the +ve (resp. —ve) cases in both test sets
are equally sufficiently representative of the +ve (resp. —ve) real-
world population



Calculations for the two scenarios

Given Given
* +ve :-veintestset =200 :800 e +ve :-ve in test set = 800 : 200
e Recall = 80%, precision = 80% Thus
Thus Recall = ..., specificity = ...
TP =200 * recall = 160 TP =800 * recall = ...
FP + TP = TP / precision =200 TN =200 * specificity = ...
TN =800—-FP =800-(200-160) = 760 FP=200-TN =...
Specificity = TN / 800 = 95% Precision = TP / (TP + FP) = ...
Accuracy = (TP + TN) / (200 + 800) = 92% Accuracy = (TP + TN) / (800 + 200) = ...
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Class proportion of
test set may not be
fidel to real life

Accuracy
determined from

test set may not
give the right
picture of real-life
performance

Test set:

20% +ve, 80% -ve

recall = 80%, precision = 80%

.. Specificity = 956%, accuracy = 92%

New test set “real life”:

80% +ve, 20% -ve

By “representativeness’,

recall = ..., specificity = ...

.. accuracy = ..., precision = ...



Accuracy & precision are

not robust classifier
performance measures
as they are sensitive to
changes in class
proportions in test sets

Is F1 more robust to this
problem?
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F-Measure provides a single score that balances both the concerns of precision and recall in

one number. A good F1 score means that you have low false positives and low false
negatives, so you're correctly identifying real threats, and you are not disturbed by false

alarms. An F1 score is considered perfect when it's 1, while the model is a total failure when

it's 0.

precision x recall

Fl = 2 % s .
precision + recall

Image credit: Clare Liu’s post on KDnuggets, 20/9/2022
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You have a classifier

On a test set having 90% +ve and 10% -ve cases, the classifier’s
precision is 99% and recall is 90%

On a test set having 10% +ve and 90% -ve cases, the classifier’s
precision is 80% and recall is 90%

Do you think anything is wrong? Why?

11



Calculations for the two scenarios

Given Given

* +ve:-ve =900:100 * +ve:-ve =100:900

e Recall =90%, precision = 99% e Recall =90%,

Thus Assume (if nothing is wrong)
e TP =900 * recall =810 e Specificity =

* FP /(TP + FP) = (1 — precision) = 1% Thus

= FP=810*1%+FP * 1% * TP =100 * recall =90

—> FP *99% =8  FP =900 * (1 — specificity) = ...
= FP=8 * Precision=TP /(TP + FP) =
e TN=100—-FP =92

 Specificity =TN /100 = 92%
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Accuracy from a test set
must be calibrated for
Interpretability

Also, it is probably better to optimize wrt sqrt(recall * specificity), as these
are independent of class proportion



'A common practice in machine learning

Optimize and evaluate based on a test set without considering
the properties of the test set, in particular, without checking
whether the test set is well designed

Is this sound?



How do serious professors set final exam?

=== This is how | set exams

Some easy questions

Enough hard questions

And often some surprising questions

DOG OBEDIENCE SCHOOL

Students don’t get “A” answering
easy questions

" OKAY, ARE YOU READY FOR YOUR FINAL EXAM 7
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Protein function assignment

A protein is a large complex Usually, only the sequence of amino
molecule made up of one or acid i1s known
rT]()r{a (3P1Ei|r155 ()f EarT1Ir]() Ei(:l(j&; SPSTNRKYPPLPVDKLEEEINRRMADDNKLFREEFNALPACPIQATCEAASKEENKEKNR

YVNILPYDHSRVHLTPVEGVPDSDYINASFINGYQEKNKFIAAQGPKEETVNDFWRMIWE
ONTATIVMVTNLKERKECKCAQYWPDQGCWTYGNVRVSVEDVTVLVDYTVRKFCIQQVGD
VINRKPQRLITQFHFTSWPDFGVPFTPIGMLKFLKKVKACNPQYAGATVVHCSAGVGRTG
TFVVIDAMLDMMHSERKVDVYGEVSRIRAQRCOMVOQTDMOYVFIYQALLEHYLYGDTELE
VT

Proteins perform a wide variety of
activities in the cell

How do we predict the function of a
protein?
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A standard postulate based on evolution

inheriting their

Let - = AFPHQHRVP o
= function from a
common ancestor
— (do not) have

similar amino acid
sequences




Guilt by association

Good Sequence Alignment =

+ Good alignment usually has clusters of
extensive matched positions

= The two proteins are likely to be homologous

Poor Sequence Alignment

T oapil 13476732 1o f INP_108301,11  wnkoown protain [Uesorkizobimm loti]
Eill4027400 a0 IBAESA7ED . 11 usknewn prolein [Meserhizobium le1i)
Lepgth = LOS

« Poor seq alignment shows few matched positions

Scoga = 105 hivs (2633, Expect = le-32

:}The pro‘tems are nDt IIREI}F tﬂ be hgmglogous ldestitios = GL/10E {5T8), Positives = T3/L06 (5BR), daps = 1FLO6 (DR
Gaecy: | MEPORLAS [ALA T IFLFMAVFAHAAT 1E [ TMERLY [ SFTEVZAKVOIT [RFVIEDVEAHT S0

MK G L o+ MA PA AATIE+T++ LW 5P W AKVGITI WM DY ANT
Alignment by FASTA of the sequences of amicyanin and domain 1 of Fojoes | MEAGALIRLEWLAALATMAAPARAATIEVTIDELVF EPATVEAKWOIT [EFVEEDVYANT &0

ascorbate oxidase good match between

Amicvanin ami unknown M. loti protein
G 0 in 0 e
Erdcyanin MPHNVHFVRGVLGE RALEGE I-LHKKPDA'E&..'EE‘TF‘A-“T"F'.“:'FH-“TI HPFFMRSEVEY]

Bacorbate Qeldaasse ILORGFTTWADGTAS ISI]I."AJNF""E"F'E"{HETVDQP""I‘E‘F"FF SHLOMORE M"_.'E"
7 -1e] Elv oo

110 3
No obvious match between
Amieyanin and Ascorbate Oxidase
Wong Limsoon, BS6213, Jan 2026
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Twilight zone:
Limit of sequence
similarity-based
protein function
assignment

So, need clever
methods for the
twilight zone

sequence identity (1), %
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sequence length (L)

Abagyan RA, Batalov S. J Mol Biol., 273(1):355-68, 1997
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Many deep learning models to the rescue?

DeepFam (2018, CNN)

DeepGO (2018, CNN + DNN)

DeepPred (2019, hierarchical DNN)
DeepGoPlus (2019, CNN + DNN)

UDSMProt (2020, LSTM)

MultiPredGO (2020, multimodal DL)

TALE+ (2021, transformer)

DeepGraphGO (2021, CNN + DNN, multimodal)
DeepGoZero (2022, zero-shot learning), ...
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DeepFam, deep
learning for
protein family
prediction

This looks good

Wong Limsoon, BS6213, Jan 2026

Raw sequence Encoded sequence Prediction
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Fig. 1. The overview of DeepFam model. It is a feedforward convolution neural network whose last layer represents the probabilities of each family. convolution
layer and 1-max pooling layer calculate a score (activation) of the existence of a conserved regions. The next layer is fully-connected neural network which can
detect longer or complex sites. In order to infer the probability of each family, the last layer is designed as softmax layer (multinomial logistic regression), gener-
ally used for multi-class classification

Table 2. Prediction accuracy (%) comparison of COG dataset

Dataset COG-500-1074 COG-250-1796 COG-100-2892

DecpFam <9540 94.08 91.40

pHMM 91.75 ] 1.67
3-mer LR 85.59 81.15 75.44
Protvec LR 47.34 41.76 37.05

Bold indicates the best performance for each dataset.

Seo et al., Bioinformatics, 34(13):i254-i262, 2018 23
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How do | set final exams?

This is how | set exams

Some easy questions

Enough hard questions

And often some surprising questions

Students don’t get “A” answering
easy questions

Wong Limsoon, BS6213, Jan 2026

Table 2. Prediction accuracy (%) comparison of COG dataset

Dataset COG-500-1074 COG-250-1796 COG-100-2892
DeepFam 95.40 94.08 91.40
pHMM 91.75 91.78 91.67
3-mer LR 85.59 81.15 75.44
Protvec LR 47.34 41.76 37.05

Bold indicates the best performance for each dataset.

Is this a good assessment of DeepFam? Do
the test sets have enough hard questions and
surprising questions?

What can be used as hard questions?
What can be used as surprising questions?

25
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0.0
30 40 50 60 70 80 20
Percentage of Identity with Train Set
Dataset Method predCount = 1 predCount = 2 predCount = 3 predCount = 4 predCount = 5 predCount > 5
Identity: 0 < = < 30
COG-500-1074 EnsembleFam 72.07 81.00 82.82 84.96 85.33 85.27
pHMM 69.54 7375 95,51 70,62 70.85 73.55
e e ———
< DeepFam 57.14 5452 49.90 46.92 43.64 35.94 =
COG-250-1796 EnsembleFam 72.84 77.07 — 81.02 82.14 84.66 86.45
pHMM 75.39 y2Ep) ! Ll 6744 7243
— DeepFam 32.44 32.54 30.24 29.53 30.02 28.68
COG-100-2892 EnsemblefFam 75.24 79.55 81.21 80.63 82.05 88.95
pHMM 63.44 50 69 5345 4316 47.42 57.57
DeepFam 26.13 25.54 27.62 24.83 25.36 >
Neamul Kabir & Wong, BMC Bioinformatics, 23:90, 2022 26
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There are few
twilight zone
proteins in the
reference
database.

DeepFam’s poor
twilight zone
performance is
thus ok

What do you think?



Don’t be fooled by high
accuracy on easy test sets

Need to stratify accuracy wrt easy and hard test instances



Do the test sets
contain
surprising
questions?

How do
DeepFam
perform on
these?

What do you think?



Don’t be fooled by high
accuracy on test sets
without surprises

Real world is full of surprises!
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Take-home message

Prediction model assessment needs careful test set design
Representativeness of test set

Easy questions, hard questions, & surprise questions in test set
Extrapolation of test metrics to real-world

35
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Homework,
due 10/1/2026

submit by email to dcswis@nus.edu.sq

Read this paper, focusing on the way it evaluated the performance of the proposed
classifier:

Yu et al., “Accurate prediction and key protein sequence feature identification of
eyclins®, Briefings in Functional Genomics, 22:411-419, 2023

Read the review report (attached below) produced by ChatGPT on the performance
evaluation done by this paper.

Answer the following guestions:
1/ Which parts of the ChatGPT report, if any, do you agree with?
2/ Which parts of the ChatGPT report, if any, do you disagree with? Why?

3/ Are there any major flaws that you think should be pointed out but are missed by
ChatGPT?

Make 5-minutes presentation to
class on 12/1/2026

Wong Limsoon, BS6213, Jan 2026

Review Report (Evaluation Focus)

This paper proposes a cyclinfmon-cyelin classifier based on ACC-PS5M feature representation, MRMD-based
feature selection, and a random forest model. My review focuses exclusively on the evaluation methodology
used to assess the propesed classifier.

The paper adopts 10-fold cross-validation as the sole evaluation framework. This is a standard choice for
small datasets and iz appropriate in principle, but the paper dees not clarnify wheather folds were stratified,
nor whether feature selaction (MEMDN.0 and MRMOZ2.0) was performed inside each training fold or once
globally before cross-validation. If feature selection used the full dataset pricr to CV, then the reported
Accuracies (up to 98.2%) may be optimistically biased due to information leakage. A clarification on this
point is essential, especially given the modest dataset size {333 sequences).

The performance metrics reporied—ACC, SN, 5P, MCC and AUC—are appropriate for a binary classification
task with roughly balanced classes. The inclusion of MCE and AUC is commendable, as they provide
robustness beyond accuracy alene. However, the paper does not report variance estimates (e.g., per-fold
standard deviations), making it difficult to judge the stability of performance across folds.

The model comparison section evaluates BF against SV, KMN, NB, AdaBoost and M8 using the same 10-
fold CV setup. This provides a useful baseline comparizon, although hyperparameater tuning is not described
for any model. Without systematic tuning {and without a validation framework separate from test folds), the
comparisons may not reflect each model's actual capability. The ROC curves shown are informative, but
again appear 1o be averaged or pooled without details on computation.

The feature-selection evaluation (MRMDA.0 and MRMD2.0) iz assessed exclusively within the same CV
framework. The results suggest that MEMDT.0 with ACC-PSSM improves accuracy and that MEMD2.0
produces a seven-feature subset with strong performance. However, because there is no independent test
set, it is difficult to know how these selected features generalize. The reliance on t-5ME plots for qualitative
validation is not eguivalent to rigorous performance testing and can be misleading due to the stochastic and
non-metric nature of t-5ME.

The comparison with three previous studies is useful but limited. Since all methods are evaluated on the
same dataset. the absence of an external validation set means the improvement may partly raflect model
tuning to a widely reused benchmark rather than true generalization.

Owerall, while the evaluation includes appropriate metrics and reasonable baseline comparisons, the
assessment would be substantially strengthened by (j} ensuring feature-selection steps are nested within CW,
{ii) reporting variance across folds, {iil) performing principled hyperparameter tuning, and {iv) testing on an
independent hold-out set. Withcout these, the reported ~88% accuracy should be interpreted cautiously.
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|Presentations & discussion on ...
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