
Please cite this article as: F.S. Correa da Silva, F.P. Costa and A.F. Iemma, Practical considerations regarding classification learning for clinical diagnosis and therapy advice in oncology, ICT Express
(2020), https://doi.org/10.1016/j.icte.2020.03.004.

Available online at www.sciencedirect.com

ScienceDirect
ICT Express xxx (xxxx) xxx

www.elsevier.com/locate/icte

Practical considerations regarding classification learning for clinical
diagnosis and therapy advice in oncology

Flavio S. Correa da Silvaa,b,∗, Frederico P. Costac,b, Antonio F. Iemmad,b

a Department of Computer Science, University of Sao Paulo, 05508090, Brazil
b Autem Medical, Bedford, NH 03110, USA

c Oncology Center, Hospital Sirio Libanes 01308050, Brazil
d Department of Exact Sciences, University of Sao Paulo 13418900, Brazil

Received 31 December 2019; received in revised form 15 March 2020; accepted 16 March 2020
Available online xxxx

Abstract

In the present article the relationship between machine learning and medicine is reviewed, in order to assess the potential for the practical
use of machine learning for diagnosis and therapy advice. The considerations built herein are particularly suitable for oncology, in which
early diagnostics is particularly important for the success of treatments, and therapy is often based on chemotherapy and radiotherapy, which
have harmful side effects.
c⃝ 2020 The Korean Institute of Communications and Information Sciences (KICS). Publishing services by Elsevier B.V. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Artificial intelligence (AI) and medicine have a longstand-
ing relationship, possibly started with the development of
MYCIN for therapy advice [1]. Medicine has provided AI
with challenging problems in clinical diagnosis (given a set
of signs, select the best diagnosis) and therapy advice (given a
diagnosis, select the best therapy plan). AI, in turn, has offered
promising technologies for problem solving in medicine [2].

Oncology is particularly fit for AI [3,4], as cancer can be
treated most effectively if identified early, but symptoms in
oncology are difficult to identify at early stages, hence tech-
nologies for early diagnosis are welcome; and cancer therapy
is often based on chemotherapy and/or radiotherapy, which
have severe side effects, hence technologies that can refine
therapy plans to minimise side effects and provide unequivocal
evidence of the efficacy of innovative therapies are welcome.

The practical use of AI in medicine has occurred more
often in management of supporting information, rather than in
direct support of activities of healthcare professionals: medical
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doctors have augmented their capabilities with systems for
knowledge representation and processing and automated assis-
tants to process large data sets, but automated diagnosis and
therapy advice have only recently started to move outwith aca-
demic research [5]. Possible explanations for this observation
are because medicine is strongly regulated by organisations
and norms such as the Food and Drug Administration in
the US and the European Medicines Agency and CE Mark
regulation in the European Economic Area. Quality assurance
and transparency levels required by these organisations are
costly and time consuming; and empirical validation of novel
methods and techniques for automated diagnosis and therapy
advice requires clinical trials which are costly, labor and
time consuming, frequently outwith the scope of academic
initiatives.

In recent years, AI in medicine has steered towards machine
learning (ML) [6], based on claims that ML can provide
smaller subjectivity in comparison with other techniques, be-
cause domain knowledge and expertise are replaced by sta-
tistically grounded data analysis. Domain modeling, however,
is still at the core of ML, particularly when explainability is
a strong requirement, as is the case in medicine given the
transparency requirements posed by regulatory organisations
and norms. Moreover, the demanding requirements of clinical
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trials bring to fore the necessity to control sample complexity
(in other words, extracting as much information as possible
from samples which are kept as small as possible to train learn-
ing algorithms), which leads to requirements of knowledge
elicitation for appropriate domain modeling as foundational
steps to build systems that can be relevant in practice.

The two main goals of this article are (1) to dispel unre-
alistic expectations that ML could outgrow expert knowledge
in importance, and (2) to provide evidence that AI for direct
support of activities of healthcare professionals is feasible.

Section 2 sketches a method to build systems for diagnosis
and therapy advice, with particular focus on oncology, struc-
tured in such way that the relevance of domain knowledge
is clarified. Section 3 characterises lower bounds for sample
complexity given expected precision and reliability require-
ments wrt ground truth provided by medical experts. The
obtained bounds determine conservative requirements for sam-
ple sizes to be employed in clinical trials. Finally, Section 4
presents a discussion and conclusions.

2. Learning, diagnosis and therapy advice

Clinical diagnosis can be seen as a set of steps based on a
slice of the patient journey:
(1) Patient p comes to doctor. Doctor selects signs S based
on (a) expert knowledge and (b) tacit selection of a reference
population P such that p ∈ P .
(2) Given signs S, doctor builds preliminary hypotheses D
about diagnostics for p. Expert knowledge and reference pop-
ulation determine unknown yet defined upper bounds on pre-
cision and reliability of diagnostics, corresponding to the best
available diagnosis (ground truth).
(3) D is ranked according to risk, based on (a) strength of
evidence and (b) severity of corresponding diseases. Following
order induced by rank, for each d ∈ D (a) another set of
signs S′

d is selected; (b) doctor tags d as either possible or
discarded on the face of S′

d .
(4) Doctor performs fusion for final diagnostics.

The automation of steps 1 to 3 using supervised classifica-
tion learning can be characterised as follows (Fig. 1):
(1) Given patient p ∈ P , signs S are selected.
(2) Oracle OP̂ , P̂ ⊆ P is retrieved from a database of
oracles. An oracle is a collection of pairs ⟨Si , di ⟩ in which
Si are signs observed in p̂i ∈ P̂ and di are diagnostics.
The cardinality of P̂ must be sufficiently large to ensure
appropriate precision and reliability of diagnostics for p,
which correspond to a sufficient similarity between empirical
classifiers and the best available diagnosis.
(3) Correlation between signs and hypotheses is characterised
wrt functions that best capture how decision procedures can
be optimised. In machine learning and statistics jargon, such
functions are kernels [7]. The choice of the appropriate kernel
is based on inspection of correlations and expert knowledge
about the methods and techniques used to build learning
models. The choice of a kernel determines an upper bound
on the precision and reliability of empirical classifiers.
(4) Hypotheses D are built and ranked based on OP̂ , the
selected kernel and S. For each hypothesis d ∈ D, a second

Fig. 1. Procedure — diagnosis.

set of signs S′

d is selected, based on expert knowledge and
the reference population.
(5) For each S′

d , a kernel is selected given the correlation
between S′

d and the corresponding hypothesis.
(6) Samples of appropriate cardinality are selected from P,
considering the required precision and reliability of diagnos-
tics that can ensure sufficient similarity between empirical
classifiers and the best available diagnosis.
(7) Automated decision procedures are built for the diagnosis

of p employing a sample P̂ of appropriate cardinality and the
sets of signs S and S′

d , d ∈ D.
(8) Decision procedures support medical diagnostics.

Therapy advice can also be seen as steps:
(1) Patient p has a previously identified most likely diagnostics.
Doctor selects a set of tests T to choose a therapy plan,
based on expert knowledge and tacit selection of a reference
population P such that p ∈ P .
(2) Given the outcomes of T, doctor builds therapy plan for p.
This plan can contain additional decision points in the form
of IF-THEN rules.
(3) Treatment is assessed based on observation of attributes,
experience and reference population.

General steps to automate this procedure can be charac-
terised as follows (Fig. 2):
(1) Given reference population P, patient p ∈ P and corre-
sponding most likely diagnostics d, alternative therapy plans
ti ∈ T , in which T is a set of plans, are ranked according to
previous knowledge. Ranking is based on correlation analyses
of different plans and their corresponding effectiveness, which
are built using samples P̂ ⊆ P of appropriate cardinality,
such that precision and reliability can be ensured wrt the
best available information about therapy plans. In oncology,
given the high mortality related to certain types of tumor, these
empirical results can be based on relatively small numbers of
cases which are, in turn, described in great detail.
(2) The most highly ranked therapy is applied on p.

This characterisation of clinical diagnosis and therapy ad-
vice in steps helps in the identification of limitations in pre-
cision and reliability of diagnosis and therapy advice. The
selection of the sets of signs S and S′

d , therapy plans T
and reference population P depends upon expert medical
knowledge. The choices of kernels to characterise correlations
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Fig. 2. Procedure — therapy advice.

between signs and hypotheses and between diagnostics and
therapy plans depend upon expert statistical knowledge. These
limitations are imposed upon the best possible diagnosis and
therapy decision. Additionally, the cardinality of the samples
used to build empirical estimates for the best possible diagno-
sis and plans is determined given lower bounds provided by
statistical analysis.

Limits for precision and reliability of diagnostics and ther-
apy plans as stated in previous paragraphs are at place in
standard medical practice, and machine learning techniques,
when properly used, can at best ensure the provision of results
which are provably similar to the best possible diagnoses and
plans. As detailed in the following section, limitations in preci-
sion and reliability of decisions due to sample cardinality can
be safely bounded provided that we have access to sufficiently
large samples.

3. Domain characterisation

Given a population P with correlations between signs ∈ S
and corresponding diagnoses ∈ D, we wish to determine a
minimal cardinality N of samples P̂ employed to build oracles
OP̂ such that p1, . . . , pN ∈ P , each v⃗i is a tuple of values
of signs ∈ S corresponding to observations about pi , and
di ∈ {⊤, ⊥} is a confirmed diagnostics for pi wrt a disease
d ∈ D, in which ⊤, ⊥ indicate resp. confirmed and refuted
disease.

High correlation is assumed between values of signs v⃗i

and diagnostics di . The set {⟨v⃗1, d1⟩, . . . ⟨v⃗|P|, d|P|⟩} of pairs
⟨signs, diagnostics⟩ for all p ∈ P can be partially inconsistent,
amounting for (unknown yet determined) upper bounds on
precision of diagnoses and on optimality of therapy plans.
These upper bounds characterise the best available classi-
fiers. Empirical classifiers based on oracles OP̂ can be built,
which are provably sufficiently similar to the best available
classifiers.

Probably Approximately Correct Learning [8] extended to
cope with partial inconsistencies [9,10], can provide lower
bounds for the cardinality of P⃗ as a function of (1) |V⃗|:
the cardinality of the valued signs space. Assuming that each
sign s ∈ S can have a finite set of values {v1, . . . , vns } with
cardinality ns , we have that |V⃗| =

∏
s∈S ns ; (2) ϵ: precision,

i.e. an upper bound for the disagreement between an empirical

Table 1
Lower bounds for |P⃗| given ϵ, δ assuming |V⃗| ≈ 150.

|P̂| ϵ

0.1 0.2 0.3

δ 0.1 400 366 346
0.2 100 92 87
0.3 45 41 39

classifier and the best available classifier, e.g. if ϵ = 0.1, then
the probability that, given a tuple of values of signs v⃗, the
empirical classifier and the best available classifier provide
the same diagnostics d ∈ {⊤, ⊥} is at least 90%; and (3) δ:
reliability, i.e. an upper bound for the risk to build a classifier
whose precision is < ϵ. For example, if δ = 0.2 and ϵ = 0.1,
then there is a probability below 20% to select a random
classifier built using any oracle P̂ with a disagreement below
90% wrt the best available classifier.

Following [10], a lower bound can be defined for the
cardinality of P̂ as |P⃗| ≥

(ln|V⃗|+ln 2
δ

)
2ϵ2 . This lower bound can be

used to determine constraints in sample size if, for example,
Support Vector Classification is used for diagnosis and Support
Vector Correlation is used for therapy advice [10]. As an
example, assuming |V⃗| ≈ 150, we have ln|V⃗| ≈ 5. Employing
this value, estimates can be obtained for |P⃗| given values for
ϵ and δ as presented in Table 1.

In order to obtain a probability below 20% that a classifier
will feature disagreement above 10% with the best avail-
able classifier, access to a sample with cardinality ≥ 100 is
required.

A preliminary experiment was developed to ground these
conceptual results: a cohort of 46 patients, including advanced
cancer patients and healthy control subjects, participated in
data collection sessions, in which hemodynamic measure-
ments were collected for approximately one hour, and self-
assessment of quality of life (Q) was obtained using the
EORTC QLQ-C30 questionnaire (https://qol.eortc.org/). Some
patients participated in more than one session, with intervals
between sessions within two and four weeks. Considering
repetitions between patients, a sample of 206 observations was
obtained.

Based on medical knowledge, heart rate variability (HRV)
was considered the primary source of hemodynamic informa-
tion, and other parameters were employed only to validate
HRV measurements. Also based on medical knowledge, the
time complexity of measurements was employed as basis
for classification of patients based on likelihood of survival
beyond the threshold of 360 days after data collection. Time
complexity was assessed using the Higuchi Fractal Dimension
(H) [11] and Sample Entropy (E) [12].

Cross-validation assessment indicated a precision of 74% in
prediction of survival above the indicated threshold, given the
selected parameters ⟨Q, H, E⟩. Given the sample size of 206
and the precision bounds obtained in the previous paragraphs,
we can rely on a probability ≥ 80% that accuracy of predic-
tions is in the interval [0.9 × 0.74 ≈ 67%, 1.1 × 0.74 ≈ 81%].
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This preliminary result characterises in practice the roles of
machine learning – and corresponding precision and reliability
bounds – and medical expert knowledge to build a system for
diagnostics.

4. Conclusion

This article contains a discussion of how systems for clas-
sification learning can be inserted into the activities workflow
of a medical doctor to support diagnosis and therapy advice.
Given that an important barrier to the application of machine
learning techniques in medicine can be the requirements of
large volumes of data, which can point to the necessity of
building and running prohibitively costly clinical trials, an
analysis of sample complexity estimates to build oracles to
train systems based on supervised learning has been presented,
together with a suggested pathway to build oracles based on
clinical trials of viable dimensions.

The article is devoted to the clarification of methodological
issues related to the development of intelligent systems for
medicine – more specifically, diagnosis and therapy advice in
oncology – in order to avoid misconceptions which can be
misleading regarding expectations about the autonomy of sta-
tistical learning with respect to medical expert knowledge. In
order to illustrate these views, preliminary empirical results are
included featuring classification of cancer patients with respect
to expected survival beyond a fixed, arbitrary threshold.

Future articles shall be devoted to rigorous empirical valida-
tion of the propositions laid out here, particularly with respect
to therapy planning in oncology. Given that, as discussed here,
empirical results can take significant time to be obtained, the
authors have considered that the presentation of the conceptual
framework developed here could be useful even prior to further
empirical corroboration.
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