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A B S T R A C T   

Sepsis is a serious disease that can cause death. It is important to predict sepsis within the early stages after the 
presence of sepsis symptoms. In this paper, a new probabilistic modeling approach is used to establish classifiers 
for sepsis diagnosis. This approach is characterized by unique strong interpretability, which is reflected in three 
aspects: (1) evidence acquisition based on likelihood analysis, (2) probabilistic rule-based inference, and (3) 
parameters optimization using machine learning algorithms. Four-fold cross-validation is used to train and 
validate classifiers established by the new approach and alternative ones. Results show that in terms of classi-
fication capability, the classifier established by the new approach generally performs better than the majority of 
alternative classifiers for sepsis diagnosis, and close to the best one. As the classifier also features an inherent 
interpretability, it can be used as a tool for supporting diagnostic decision-making in sepsis diagnosis.   

1. Introduction 

As per the definition of the international consensus conference, 
sepsis is a life-threatening organ dysfunction generated by a dysregu-
lated host response to infection (Singer et al., 2016). Each year, it in-
fluences more than 1 million patients in the U.S. (Angus et al., 2001; De 
Backer & Dorman, 2017) and over 30 million around the world 
(Fleischmann et al., 2016). The associated mortality rates are as high as 
around 20–30% (Friedman, Silva, & Vincent, 1998; Kumar et al., 2011; 
Martin, Mannino, Eaton, & Moss, 2003). For the last several decades, the 
incidence of sepsis has shown a steady increase (Elfeky et al., 2017). 
Moreover, sepsis imposes a significant financial burden on the U.S. 
healthcare system. It has been reported that the annual medical ex-
penditures for sepsis patients in the U.S. exceeds 24 billion dollars (Lagu 
et al., 2012; Torio & Moore, 2006). Another important fact is that sepsis 
survivors have more chance to suffer from impaired quality of life 
(Heyland, Hopman, Coo, Tranmer, & McColl, 2000; Perl, Dvorak, 
Wenzel, & Hwang, 1995) and higher risk to develop major adverse 
cardiovascular events (Ou et al., 2016). 

In a general sense, sepsis is generated by an invasion of microbes 

from local infection source into the bloodstream, which leads to organ 
dysfunction (Reinhart, Bauer, Riedemann, & Hartog, 2012). The infec-
tion can be typically identified by clinical signs and microbiological 
findings (Vincent, 2016). Hence, currently a golden standard for sepsis 
diagnosis is blood culture (Henriquez-Camacho & Losa, 2014). None-
theless, blood culture has a very low sensitivity, and the culture results 
of more than half of patients with sepsis symptoms are negative (Jones & 
Lowes, 1996; Vincent et al., 2006). In addition, blood culture requires 
multi-step analysis, hence it is costly and time-consuming, and it needs 
professional operation (Kumar, Tripathy, Jyoti, & Singh, 2019). Since 
blood culture is laboratory-based, its instrumentation is not appropriate 
for miniaturization (Kumar et al., 2019). As considerable increase in 
mortality is associated with delay of treatment, the time of blood culture 
brings about the early use of broad-spectrum antimicrobial drugs (Kol-
lef, Sherman, Ward, & Fraser, 1999; Kumar et al., 2006). An inevitable 
consequence is the unnecessary and/or prolonged broad-spectrum 
antimicrobial use that is related to a series of side effects such as the 
development of drug-resistant pathogens and Clostridium difficile in-
fections (Dark et al., 2015). 

Alternatively, the approach that can overcome the disadvantages of 
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blood culture, can be the implementation of highly sensitive biosensors 
for sepsis diagnosis, which offers assistance to the clinicians around the 
world (Kumar et al., 2019). The handheld point-of-care alternatives can 
also be developed for lab-based diagnosis to improve healthcare (Kumar 
et al., 2019). Using different biomarkers, many biosensors have been 
developed for sepsis diagnosis in recent years (Kumar et al., 2019). 
Biomarkers are defined as the biological molecule or features acting as 
an indicator of pathological or physiological process (Kumar et al., 
2019). How the levels of sepsis biomarkers increase can be used to 
answer three clinically important questions: (1) whether the patient is 
infected; (2) whether the condition is serious; and (3) whether the pa-
tient responds to the treatment (Vincent, 2016). 

A number of biomarkers that can be used in sepsis diagnosis are 
introduced in brief as follows. C-reactive protein (CRP) is an acute phase 
protein (Thompson, Pepys, & Wood, 1999), and according to numerous 
studies, its level is elevated in sepsis (Matson, Soni, & Sheldon, 1991; 
Póvoa et al., 2005; Yentis, Soni, & Sheldon, 1995). CRP has some ad-
vantages for neonatal sepsis such as rapid results and small amount of 
blood required (Chiesa et al., 2011; Patil, Dutta, Attri, Ray, & Kumar, 
2016). Cytokines can be defined as pleiotropic regulators of immune 
response that play a part in the complex pathophysiology underlying 
sepsis (Schulte, Bernhagen, & Bucala, 2013). Interleukin 6 (IL-6) is a 
cytokine which has an initial response to infection and injury (Yang 
et al., 2016). As the level of IL-6 gets augmented significantly during 
early sepsis, IL-6 has been used to diagnose sepsis and predict patient 
outcome (Bozza et al., 2007; Yende et al., 2008). Interleukin 10 (IL-10) is 
an important anti-inflammatory cytokine that can be used for sepsis 
diagnosis and evaluation of current inflammatory response level (Pru-
cha, Bellingan, & Zazula, 2015). High level of IL-10 indicates higher 
mortality of sepsis patients (Kellum et al., 2007). Procalcitonin (PCT) is a 
useful sepsis biomarker, as it can distinguish between infectious and 
non-infectious inflammation with high specificity and sensitivity 
(Angeletti et al., 2015; Angeletti, Battistoni, Fioravanti, Bernardini, & 
Dicuonzo, 2013; Spoto, 2018). PCT can be used as an early biomarker for 
guiding appropriate management, and it is helpful in indicating and 
excluding sepsis (Wolf, Wimalawansa, & Razzaque, 2019). White cell 
count (WCC) is a conventional infection indicator (Lam et al., 2011). 

Although sepsis has been confirmed to be associated with bio-
markers, the clinical presentation of sepsis is complicated, and it is 
difficult to decide whether a patient has sepsis using biomarkers alone 
(Chen, Lu, Hu, Liu, Zhao, Yan, & Tan, 2017). Machine learning is a 
promising tool to identify sepsis patients (Bhattacharjee, Edelson, & 
Churpek, 2017; Bradley et al., 2007). Appropriate prediction models 
(classifiers) have been established to accurately predict the onset of 
sepsis using different approaches such as gradient-boosted tree (Barton 
et al., 2019; Desautels et al., 2016; Mao et al., 2018), support vector 
machine (Taneja et al., 2017), random forest (Lamping et al., 2018; 
Oonsivilai et al., 2018; Ratzinger et al., 2018; Taylor et al., 2016), 
artificial neural network (López-Martínez, Núñez-Valdez, Lorduy 
Gomez, & García-Díaz, 2019; Saqib, Sha, & Wang, 2018; Scherpf, 
Gräßer, Malberg, & Zaunseder, 2019), and logistic regression (Faisal 
et al., 2018). However, these approaches have some limitations. For 
example, random forests give up the interpretability which is the major 
benefit of decision trees (Fischetti, Lantz, Abedin, Mittal, Makhabel, 
Berlinger, & Daroczi, 2016; Strobl, 2008). The artificial neural network 
is generally considered as ‘black box’, and it is very difficult to record 
how specific classification decision is made (Qiu & Jensen, 2004). The 
logistic regression may have a low prediction accuracy for the data set 
where the classes are far from linearly separable (Ng & Jordan, 2002). 

To address these limitations, in this paper, we use a probabilistic 
modeling approach to establish interpretable classifiers for sepsis diag-
nosis, which is based on the concepts of Dempster-Shafer (D-S) theory 
(Dempster, 1967, 1968; Shafer, 1976). In D-S theory, a frame of 
discernment (FoD) is used to include predefined classes, to which basic 
probabilities are assigned to generate a belief distribution (BD). Basic 
probabilities are used to measure the extent to which observations of 

input variables point to different classes or subsets of classes. BD for each 
observation of an input variable is referred to as a piece of evidence. 
Dempster’s rule may be used to combine multiple pieces of evidence. 
Nonetheless, the use of Dempster’s rule needs the satisfaction of several 
conditions including the one that any evidence is assumed to be fully 
reliable. This assumption is rarely practical and often leads to a counter- 
intuitive issue encountered when Dempster’s rule is used to combine 
highly or completely conflicting evidence (Yang & Xu, 2013). Based on 
the basic concepts of D-S theory, the evidential reasoning (ER) rule 
(Yang & Xu, 2013) eliminates this assumption by considering the reli-
ability and relative importance of evidence, while still retaining the 
desirable features of Dempster’s rule. One of the most important char-
acteristics of the ER rule is that it constitutes a unique probabilistic 
inference process for conjunctive combination of independent evidence. 
The ER rule has been established to handle problems of discrete prob-
abilistic inference in which both input and output variables are assumed 
to take categorical or discrete numerical values. However, this 
assumption can be violated, as discrete and continuous variables can 
coexist in inference and prediction problems. The new probabilistic 
modeling approach used in this paper is capable of dealing with both 
discrete and continuous data, which is demonstrated in a numerical case 
study. 

When machine learning is used to construct classifiers from data, it is 
insufficient for a classifier to simply make accurate predictions on test 
data. A wide variety of applications require that the classifiers are 
interpretable, which indicates that humans are able to easily understand 
the information the models contain. In the context of machine learning, 
the term ‘interpretability’ can be used to represent the ability of 
explaining or presenting in understandable terms to a human. While 
there is a general consensus for the need of interpretability in machine 
learning models, much less agreement has been achieved for what 
constitutes interpretability. The method investigated in this paper is 
aimed to augment human intelligence in decision making processes and 
allow humans to intervene the processes using their intuition and ex-
periences. It is in this context that the interpretability of the proposed 
method is emphasised. There are many areas, such as clinical decision- 
making, creative marketing advertisements, personal selling, hiring and 
monitoring employees and strategic decision-making, where human 
intervention, managerial intuition, and human–computer symbiosis can 
enhance work performance (Pavlou, 2018). Human intelligence is still 
necessary for decision-making related to human-oriented data associ-
ated with patients, employees, and customers that include their 
personalized information (Pavlou, 2018). Human intervention and in-
telligence generally outperforms artificial intelligence when dealing 
with ambiguity, vagueness, and incomplete information (Pavlou, 2018). 
Any intelligent system would have come across a situation where human 
intervention is essential and human intelligence is necessary for the 
complete functioning of a system (Hebbar, 2017). This crossover of the 
worlds is the key to augment both human and artificial intelligence, 
which is very important in clinical decision-making (Hebbar, 2017). The 
augmented intelligence will herald the application of artificial intelli-
gence for improved clinical decision-making and predictions of out-
comes (Görges & Ansermino, 2020). It will offer unprecedented 
opportunities to improve patient outcomes and performance of clinical 
decision-making, and hence reduce costs and impact population health 
(Görges & Ansermino, 2020). The interpretability plays an important 
role in the connection between artificial intelligence and clinical deci-
sion-making. 

In this paper, by the interpretability of models (classifiers) we spe-
cifically mean their ability to interpret domain knowledge. In this 
context, the proposed MAKER-based classifier is inherently interpret-
able. This inherent interpretability of the MAKER-based classifier can be 
explained in the following three aspects. Firstly, evidence is acquired 
directly from patient data by means of likelihood analysis, and com-
bined under the maximum likelihood evidential reasoning (MAKER) 
framework (Yang & Xu, 2017). The interdependence between multiple 
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pieces of evidence can also be captured under the MAKER framework. 
Secondly, evidence can be combined to generate belief rules which 
formulate a belief rule-base (BRB) for inference. The transparent and 
interpretable BRB inference is used to deduce the probabilistic rela-
tionship between biomarker features of patients and patients’ outcomes. 
In the context of disease diagnosis, the BRB inference has been used for 
the diagnosis of lumph node metastasis in gastric cancer (Zhou et al., 
2013, 2015), cardiac chest pain (Kong et al., 2012), and trauma (Kong 
et al., 2016). For each given instance of patient, the activated belief rules 
out of a BRB are combined to generate the predicted output distribution 
for patients’ outcomes. Thirdly, the parameters of the MAKER-based 
classifiers (e.g., the reliability of each evidential element) established 
by the approach are statistically meaningful. They can be trained using 
machine learning algorithms. The inference process of the MAKER- 
based classifiers can be examined for better clinical decision making, 
as all the belief rules can be validated by experienced doctors. By using 
this approach, medical diagnostic knowledge can be learned from pa-
tient records more efficiently and effectively. 

The rest of this paper is organized as follows. Sections 2 and 3 briefly 
introduce the methodologies of BRB inference and MAKER framework, 
respectively. A numerical example of using the new modeling approach 
to establish the MAKER-based classifiers for sepsis diagnosis is displayed 
in Section 4. In Section 5, the MAKER-based and alternative classifiers 
are compared in terms of their prediction performance for the sepsis 
data set. The inherent interpretability of this approach is also discussed 
in this section. Some conclusions and suggestions for future research are 
given in Section 6. 

2. BRB inference 

A belief rule base (BRB) is capable of capturing incomplete, fuzzy, 
and ignorant information, and nonlinear causal relationship between 
antecedent attributes and consequences (Yang, Liu, Wang, Sii, & Wang, 
2006). It is composed of a finite number of belief rules, which is defined 
as follows (Yang et al., 2006). 

Rk : if
(
x1is Ak

1

)
∧
(
x2is Ak

2

)
∧ ⋯ ∧

(
xMk

is Ak
Mk

)
,

then
{(

D1, β1,k
)
,
(
D2, β2,k

)
,…,

(
DN , βN,k

) }
,

with a rule weight λk and attribute weights δ1, δ2,…, δMk .

(1) 

In (1), Rk indicates the kth(k = 1,…, L) belief rule. Mk is the number 
of antecedent attributes in the kth rule, and xm(m = 1,…,Mk) represents 
the mth antecedent attribute. Ak

j (j = 1,…,Mk; k = 1,…, L) is the 

referential value of the jth antecedent attribute in the kth rule. ′

∧
′ is a 

logical connective which denotes the relationship of ‘AND’. βn,k(n = 1,
…,N; k = 1,…, L) signifies the belief degree assigned to a consequence 
Dn that can be initially provided by experts. If 

∑N
n=1βn,k = 1, the kth rule 

is complete. Otherwise, it is incomplete. In this study, a consequence is 
referred to as a class of the output variable (either “sepsis” or “non- 
sepsis”). Rule weight “λk” and attribute weight δm (m = 1,…,Mk) are the 
relative weights of the kth rule and the mth antecedent attribute in the kth 

rule, respectively. Both rule weight and attribute weight can be trained 
using optimization algorithms. The intuitive explanation of a belief rule 
is exhibited in Fig. 1. 

Under the above belief rule base system, we can use a belief rule to 
represent a functional mapping between inputs of antecedent attribute 
and output possibly with uncertainties (Chen, Yang, Pan, Xu, & Zhou, 
2015). This indicates that belief degree can be used to describe how 
likely a consequence element Dn in a belief rule is believed to be the 
consequence, given the logical relationship of a belief rule 

if
(
x1is Ak

1
)
∧
(
x2is Ak

2
)
∧ ⋯ ∧

(
xMk

is Ak
Mk

)
. Compared to a conventional 

IF-THEN rule, a belief rule provides a more realistic and informative 
scheme (Chen, Yang, Xu, & Yang, 2013). The belief rules can be estab-
lished based on experts’ knowledge, historical data, and random gen-
eration (Chen et al., 2015). If a belief rule base is generated using 
different ways, the detection methods for information inconsistency 
should be used to reduce information inconsistency, partiality, redun-
dancy, and etc., (Ma, Lu, & Zhang, 2009). Once a belief rule base is 
constructed, we can use the knowledge embedded in belief rules to make 
inference for an instance (Yang et al., 2006). 

3. Maximum likelihood evidential reasoning (MAKER) 
framework 

Suppose that ei,l indicates the ith piece of evidence acquired at a 
referential value Ai,l (Ai,l denotes the ith referential value of the lth input 
variable and referential value is a value of input variable where a piece 
of evidence is defined) from the lth input variable xl. Each piece of evi-
dence can be partitioned into evidence elements. Evidence element 
ei,l(θ) is referred to as an element of evidence that points exactly to a 
group of classes in the power set of the classes or a proposition which is 
referred to as an assertion that a group of classes is true or not given 
several pieces of evidence. The intersection of θ and ei,l(θ), which is 
represented by si,l(θ) = θ ∩ ei,l(θ), indicates that θ is supported by evi-

Fig. 1. Explanation of a belief rule.  

S. Yao et al.                                                                                                                                                                                                                                      



Expert Systems With Applications 183 (2021) 115333

4

dence ei,l. Under the MAKER framework (Yang & Xu, 2017), multiple 
pieces of evidence obtained from input variables are combined together 
to form the joint support for a proposition, by considering three per-
spectives: basic probability, the reliability and weight of a piece of ev-
idence, and the interrelationship between a pair of evidence. 

A basic probability function (Yang & Xu, 2017) is profiled by an 
ordinary discrete probability function or a set function p : 2Θ→[0,1], if 
the following conditions are satisfied. 

0⩽p(θ)⩽1, ∀θ⊆Θ (2)  

∑

θ⊆Θ
p(θ) = 1 (3)  

p(∅) = 0 (4) 

In (2), (3), and (4), θ represents a subset of classes, which is named a 
proposition. p(θ) indicates the basic probability of proposition θ being 
true. p(θ) is an atom, which cannot be decomposed into pieces pointing 
to subsets of proposition θ, but can be assigned exactly to θ (Yang & Xu, 
2017). Let cθ,i,l be the likelihood of the ith referential value of the lth input 
variable xl being observed given proposition θ. The basic probability pθ,i,l 

can be acquired from a normalized likelihood, which is displayed in Eq. 
(5). 

pθ,i,l = pl
(
ei,l(θ)

)
=

cθ,i,l
∑

A⊆ΘcA,i,l
(5) 

Based on Eq. (5), a piece of evidence ei,l can be defined by a basic 
probability distribution, which is shown in Eq. (6). 

ei,l =

{
(
ei,l(θ), pθ,i,l

)
,∀θ⊆Θ and

∑

θ⊆Θ
pθ,i,l = 1

}

(6) 

In Eq. (6), pθ,i,l represents the basic probability of evidence ei,l 

pointing to proposition θ, which is acquired from an input variable xl. 
What Eqs. (5) and (6) exhibit is the so-called one-dimensional evidence 
acquisition process. 

Likewise, we can obtain joint basic probability from a joint likeli-
hood function, following the Bayesian principle (Yang & Xu, 2017). 
Suppose that evidence: ei,l and ej,m are obtained from input variables: xl 

and xm, at Ai,l and Aj,m, respectively. The joint basic probability of ei,l and 
ej,m pointing to proposition θ can be generated as follows. 

pθ,il,jm =
cθ,il,jm

∑
A⊆ΘcA,il,jm

, ∀θ⊆Θ (7) 

In Eq. (7), cθ,il,jm indicates the joint likelihood of both Ai,l and Aj,m 

being observed given proposition θ. Based on the above discussions, we 
use an interdependence index ‘α’ to represent the interrelationship be-
tween evidential elements ei,l(A) and ej,m(B), which is defined in Eq. (8). 

αA,B,i,j =

⎧
⎪⎨

⎪⎩

0, if pA,i,l = 0 or pB,j,m = 0
pA,B,il,jm

pA,i,lpB,j,m
, otherwise

(8) 

In Eq. (8), pA,i,l and pB,j,m are the basic probabilities for single input 
variables: xl and xm, at Ai,l and Aj,m, respectively. pA,B,il,jm denotes the joint 
basic probability of both xl at Ai,l and xm at Aj,m pointing to proposition 
θ(θ = A ∩ B, θ⊆Θ) simultaneously, which is generated using the same 
joint table for pA,i,l and pB,j,m. The properties of the interdependence index 
‘α’ are shown as follows. 

αA,B,i,j =

{
0, if ei,l(A) and ej,m(B) are disjoint
1, if ei,l(A) and ej,m(B) are independent (9) 

The above calculations for pA,i,l, pB,j,m, pA,B,i,j, and αA,B,i,j are based on 
an assumption that all the evidential elements are fully reliable. How-
ever, as a matter of fact, seldom is evidence fully reliable. Hence, we 
need to consider the reliability of evidence, when measuring the degree 

of its support for proposition θ. Suppose that rθ,i,l is the reliability of 
evidence ei,l that points to proposition θ. As shown in Eq. (10), it is 
defined as a conditional probability of θ being true given that ei,l points 
to θ, which essentially measures the quality of ei,l (Yang & Xu, 2017). It is 
associated with how data is generated and how ei,l is acquired from data 
(Yang & Xu, 2017). 

rθ,i,l = p
(
θ
⃒
⃒ei,l(θ)

)
(10) 

Based on Eq. (10), we can further generate the reliability of a piece of 
evidence ei,l, which is shown in Eq. (11). 

ri,l =
∑

θ⊆Θ
rθ,i,lpθ,i,l (11) 

In terms of whether ei,l and other pieces of evidence are acquired 
from the same data source, we can have two scenarios for generating the 
probability mass of proposition θ being supported by ei,l, which are 
shown as follows. 

Scenario 1: If ei,l and other pieces of evidence are acquired from the 
same data source, the probability mass of proposition θ being supported 
by ei,l is given in Eq. (12). 

mθ,i,l = p
(
si,l(θ)

)
= p

(
θ
⃒
⃒ei,l(θ)

)
p
(
ei,l(θ)

)
= rθ,i,lp

(
ei,l(θ)

)
(12) 

Scenario 2: If ei,l is acquired from a data source that is different from 
other pieces of evidence, which is featured by a probability function pl, 
the basic probability that ei,l points to θ is given by pl

(
ei,l(θ)

)
, and the 

probability mass of ei,l supporting θ (denoted by mθ,i,l and defined in Eq. 
(13)) is given by pl

(
si,l(θ)

)
with si,l(θ) = θ ∩ ei,l(θ). According to the 

likelihood principle, the support from ei,l to θ have the same implication 
whether ei,l is measured by p or pl, if ei,l is measured by the likelihood 
function defined in Eq. (7) (Yang & Xu, 2017). This means p

(
si,l(θ)

)
and 

pl
(
si,l(θ)

)
should be proportional to each other, which can be indicated 

by p
(
si,l(θ)

)
= ωi,lpl

(
si,l(θ)

)
. ωi,l is a positive scaling factor for all θ ∈ Θ. 

mθ,i,l = p
(
si,l(θ)

)
= ωi,lpl

(
si,l(θ)

)

= ωi,lpl
(
θ ∩ ei,l(θ)

)
= ωi,lpl

(
θ
⃒
⃒ei,l(θ)

)
pl
(
ei,l(θ)

)

= wθ,i,lpl
(
ei,l(θ)

) (13) 

In Eq. (13), wθ,i,l = ωi,lpl
(
θ
⃒
⃒ei,l(θ)

)
indicates the weight of an 

evidential element ei,l(θ). It is proportional to the conditional probability 
of θ being true given that ei,l points to θ, which is measured by a prob-
ability function pl established from data for xl only (Yang & Xu, 2017). It 
is important to note that when p = pl, wθ,i,l = rθ,i,l, which implies that 
ωi,l = 1. 

Based on the above definitions and discussions, we can use a 
conjunctive MAKER rule to generate the combined probability pθ,e(2) of 
proposition θ being jointly supported by two pieces of evidence ei,l and 
ej,m, which is given as follows. 

pθ,e(2) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0, θ = ∅

m̃θ,e(2)∑

C⊆Θ
m̃D,e(2)

, θ⊆Θ, θ ∕= ∅ (14)  

m̃θ,e(2) =
[(

1 − rj,m
)
mθ,i,l +

(
1 − ri,l

)
mθ,j,m

]
+

∑

A∩B=θ
γA,B,il,jmαA,B,il,jmmA,i,lmB,j,m

(15) 

In Eqs. (14) and (15), m̃θ,e(2) represents the combined probability 
mass of both pieces of evidence ei,l and ej,m that jointly support propo-
sition θ. γA,B,i,j is a nonnegative parameter that reflects the degree of joint 
support of both ei,l and ej,m for θ, which is relative to the individual 
support of ei,l and ej,m pointing to propositions A and B, respectively 
(Yang & Xu, 2017). In the numerical example of this paper, γA,B,i,j is 
assumed to be 1. Given that wθ,i,l = wi,l for any A, B, θ⊆Θ, the above 
conjunctive MAKER rule can be applied to the combination of 
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independent evidence, which reduces to evidential reasoning rule (Yang 
& Xu, 2013). The MAKER rule can further reduce to Dempster’s rule 
(Shafer, 1976), given that wi,l = ri,l = 1. If there is no ambiguity in data, 
it can further reduce to Bayes’s rule (Yang & Xu, 2017). 

4. The new probabilistic modeling approach and its application 
to sepsis diagnosis 

4.1. Problem formulation and data 

The original sepsis data set for this study was collected from several 
hospitals in Northwest England. In line with the experts’ knowledge and 
experience, the biomarkers: CRP, IL-6, IL-10, PCT, and WCC are chosen 
for classifier establishment. Based on the original data set, we use a 
series of data preparation techniques to generate the sepsis data set, 
which include patients’ test results of these biomarkers and the associ-
ated diagnosis outcomes (sepsis or non-sepsis). The sepsis data set is 
further partitioned into four subsets for cross-validation, using a method 
based on stratified random sampling, which guarantees that all the 
subsets have similar class distribution of samples. Each subset is used for 
test set, while the remaining subsets are taken as training sets. The 
combination of each subset and the remaining ones is referred to as a 
fold for model training and testing. 

Here, we take the training set of the first fold of the sepsis data set 
(henceforth the ‘training set’) as an example, to illustrate how to use the 
new modeling approach to establish a MAKER-based classifier for sepsis 
diagnosis. Suppose that a training input–output data set, which has N 

instances, is represented by T =
{(

x(1)
1 ,…, x(1)

l ,…, x(1)
M , y(1)

)
,…,

(
x(n)

1 ,…, x(n)
l ,…, x(n)

M , y(n)
)
,…,

(
x(N)

1 ,…, x(N)

l ,…, x(N)

M , y(N)
)}

. 
(

x(n)
1 ,…, x(n)

l ,…, x(n)
M , y(n)

)
denotes an input–output sample pair, and 

x(n)
l (n = 1,…,N; l = 1,…,M) denotes the nth observation of the lth input 

variable, and y(n) denotes the class of the output variable for the nth 

instance (represented by 
(

x(n)
1 ,…, x(n)

l ,…, x(n)
M

)
). Each instance is char-

acterized by M input variables. There are 272 instances in the ‘training 
set’ (the complete ‘training set’ is provided in Table S1 of the supple-
mentary materials), and N is hence 272 in this example. The ‘training 
set’ consists of five input variables (i.e., the five biomarkers), and the 
value of M is taken as 5. Further, we use x(n)

1 , x(n)
2 , x(n)

3 , x(n)
4 , and x(n)

5 to 
denote an observation of input variables: CRP, IL-6, IL-10, PCT, and 
WCC, respectively. These instances are classified in a nominal output 
variable: y = {k|k = 1,…,K } where an integer represents a class of 
output variable. y(n) is used to represent the class of output variable for 
each instance. The output variable of the ‘training set’ is composed of 
two classes: “sepsis” and “non-sepsis”, which are signified by “1” and 
“2”, respectively. The output variable is therefore denoted as y = {1,2}. 
The parameters of a MAKER-based classifier include referential values of 
observations of input variables and weights of referential values point-
ing to different classes of output variable. For the purpose of illustration, 
we use the referential values and weights trained by a machine learning 
algorithm (henceforth ‘trained referential values’ and ‘trained weights’, 
respectively), to construct a MAKER-based classifier step by step in the 
remaining part of this section. The remaining part is organized into two 
subsections including the key components of the new probabilistic 
modeling approach and the application of the approach to sepsis diag-
nosis. The components of the new approach involve evidence acquisi-
tion from data, analysis of evidence interdependence, belief rule-base 
inference, prediction for sepsis diagnosis, and training of MAKER-based 
classifier. 

4.2. The key components of the new probabilistic modeling approach 

4.2.1. Evidence acquisition from data 
The first step for classifier establishment is evidence acquisition 

which is based on the referential values (Xu, Zheng, Yang, Xu, & Chen, 
2017; Yao, 2019). With the referential values, we can transform an 
observation x(n)

l into a belief distribution over the referential values Ai,l, 
which is shown in Eq. (16). 

S
(

x(n)
l

)
=
{(

Ai,l,α(k)
n,i,l

)
|n=1,…,N;l=1,…,M;i=1,…,Vl;k=1,…,K

}

where

α(k)
n,i,l=

Ai+1,l − x(n)
l

Ai+1,l − Ai,l
andα(k)

n,i+1,l=1− α(k)
n,i,l, if Ai,l⩽x(n)

l ⩽Ai+1,l;

α(k)
n,i′ ,l=0,for i′ =1,…,Vlandi′ ∕=i,i+1.

(16) 

In Eq. (16), α(k)
n,i,l is the similarity degree to which the nth observation 

of the lth input variable (indicated by x(n)
l ) matches the ith referential 

value of the lth input variable (signified by ‘Ai,l’), which points to a class 
(represented by ‘k’) of output variable. 

Matching degrees for each referential value are aggregated for each 
class to generate an associated total matching degree for each class, as 
shown in Eq. (17). The total matching degree of a referential value for a 
class is then treated as the frequency for the referential value matching 
the class. Table 1 shows all the frequencies of the referential values for 
an input variable. 

α(k)
i,l =

∑N

n=1
α(k)

n,i,l (17) 

In Table 1, we have 
∑K

k=1
∑Vl

i=1α(k)
i,l = N. For each row of Table 1, we 

can generate a sum of frequency values (δ(k)l ), using δ(k)l =
∑Vl

i=1α(k)
i,l . Let 

c(k)i,l be the likelihood to which the ith referential value of the lth input 
variable is observed given that the kth class of output variable is known. 
Likelihood can be calculated as shown in Eq. (18). Table 2 displays the 
likelihoods calculated from the frequencies in Table 1. 

c(k)i,l =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

α(k)
i,l

∑Vl

i=1
α(k)

i,l

, if
∑Vl

i=1
α(k)

i,l ∕= 0

0, if
∑Vl

i=1
α(k)

i,l = 0

(18) 

It is noted from Table 2 that 
∑K

k=1
∑Vl

i=1c(k)i,l = K. Based on ηi,l =
∑K

k=1c(k)i,l , the sum of the likelihoods (signified by ‘ηi,l’) can be produced 
for each column of Table 2. With these likelihoods, the probability for a 
referential value of an input variable pointing to a class of output vari-
able (p(k)

i,l ) can be generated by Eq. (19). Table 3 shows the probabilities 
calculated through the normalization of likelihoods in Table 2 by Eq. 
(19). 

Table 1 
Frequencies of referential values for an input variable.  

y(n)\x(n)
l  

A1,l  ⋯  Ai,l  ⋯  AVl ,l  Total  

1  α(1)
1,l  

⋯  α(1)
i,l  

⋯  α(1)
Vl ,l  

∑Vl
i=1α(1)

i,l  

⋮  ⋮  ⋮  ⋮  ⋮  ⋮  ⋮  
k  α(k)

1,l  
⋯  α(k)

i,l  
⋯  α(k)

Vl ,l  
∑Vl

i=1α(k)
i,l  

⋮  ⋮  ⋮  ⋮  ⋮  ⋮  ⋮  

K  α(K)
1,l  

⋯  α(K)
i,l  

⋯  α(K)
Vl ,l  

∑Vl
i=1α(K)

i,l  

Total  ∑K
k=1α(k)

1,l  
⋯  ∑K

k=1α(k)
i,l  

⋯  ∑K
k=1α(k)

Vl ,l  
N   
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p(k)
i,l =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

c(k)i,l
∑K

k=1
c(k)i,l

, if
∑K

k=1
c(k)i,l ∕= 0

0, if
∑K

k=1
c(k)i,l = 0

(19) 

Further, we can acquire a piece of evidence at each referential value 
of Table 3 under the MAKER framework, which is defined as a belief 
distribution shown in Eq. (6) of Section 3. 

4.2.2. Analysis of evidence interdependence 
In order to achieve greater predictive power, it is necessary to 

combine multiple pieces of evidence to generate predicted probabilities 
of patients having sepsis or not. In the original evidential reasoning (ER) 
rule, any two pieces of evidence to be combined are assumed to be in-
dependent from each other, which is simplistic. In the MAKER frame-
work, the interdependence between two pieces of evidence is taken into 
consideration through the introduction of an interdependence index ‘α’, 
which is defined in Eq. (8) of Section 3. To generate the interdependence 
index between two pieces of evidence, we need to first estimate the joint 
probabilities to which both pieces of evidence point to classes of output 
variable, using Eq. (20). Let x(n)

l and x(n)
m be the nth observation of the lth 

and the mth input variable, respectively. The joint belief distribution for 

the instance of these two observations S
({

x(n)
l , x(n)

m

})
is given as 

follows. 

S
({

x(n)l , x(n)m

})
=

{({
Ai,l,Aj,m

}
, α(k)

n,il,jm

)
|n = 1,…,N; l,m = 1,…,M;

i = 1,…,Vl; j = 1,…,Vm; k = 1,…,K
}

whereα(k)
n,il,jm

= α(k)
n,i,lα

(k)
n,j,m,α

(k)
n,i,l =

Ai+1,l − xn,l

Ai+1,l − Ai,l
, andα(k)

n,i+1,l

= 1 − α(k)
n,i,l, if Ai,l⩽xn,l⩽Ai+1,l;α(k)

n,i′ ,l = 0, if i′ = 1,…,Vl, andi′ ∕= i, i + 1.

(20) 

In Eq. (20), α(k)
n,il,jm indicates the joint similarity degree to which the 

instance: 
{

x(n)
l , x(n)

m

}
matches the combination of referential values: 

{
Ai,l,Aj,m

}
, which points to a class of output variable (indicated by ‘k’). 

After all the instances are transformed into belief distributions over 

referential values combinations in a similar way, we can generate the 
aggregated frequency values of referential values combinations associ-
ated with a class of output variable (α(k)

il,jm), using Eq. (21). 

α(k)
il,jm =

∑N

n=1
α(k)

n,il,jm (21) 

Based on these frequency values, the joint likelihoods of observing 
referential values given classes of output variable (c(k)il,jm) can be gener-
ated by Eqs. (22) and (23). 

δ(k)lm =
∑Vl

i=1

∑Vm

j=1
α(k)

il,jm (22)  

c(k)il,jm =
α(k)

il,jm

δ(k)lm

(23) 

With likelihoods, we can use Eq. (24) to generate the joint proba-
bilities of referential values combinations pointing to classes of output 
variable (p(k)

il,jm). 

p(k)
il,jm =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

c(k)il,jm
∑K

k=1
c(k)il,jm

, if
∑K

k=1
c(k)il,jm ∕= 0;

0, if
∑K

k=1
c(k)il,jm = 0.

(24) 

Using Eqs. (19) and (24), we can generate αA,B,i,j representing inter-
dependence indices between a pair of evidential elements indicated by 
ei,l(A) and ej,m(B), which is shown in Eq. (8) of Section 3. 

4.2.3. Belief rule-base inference 
Based on the acquired evidence and the interdependence analysis, 

we are now in a position to construct a belief rule base to infer the 
likelihood of a patient having sepsis based on their test results of the 
biomarkers. According to the belief rule described in (1) of Section 2, the 
antecedent part of the belief rule, which is expressed in the form of 

‘if
(
x1is Ak

1
)
∧
(
x2is Ak

2
)
∧ … ∧

(
x2is Ak

Mk

)
’, in this numerical example 

should be interpreted as ‘if a patient’s test results of biomarkers are just 
equal to the referential values of the respective biomarkers’. The asso-
ciated consequent part of the belief rule, which is expressed in the form 
of ‘then

{(
D1, β1,k

)
,
(
D2, β2,k

)
,…,

(
DN, βN,k

) }
’, should then be under-

stood as ‘the consequents that the patient is diagnosed with sepsis and 
not diagnosed with sepsis have respective probabilities’. 

To obtain the consequences’ probabilities of all the belief rules in a 
belief rule base, all pieces of evidence (each piece of evidence is acquired 
at a referential value from a different input variable) in each combina-
tion of evidence are combined to generate the associated belief rule. This 
process of evidence combination uses the conjunctive MAKER rule 
shown in Eqs. (14) and (15), which is based on the ‘trained weights’ 
mentioned in Section 4.1. In this process, the reliability 

(
rθ,i,l

)
and 

weight 
(
wθ,i,l

)
for each evidential element are essentially the same, as all 

sepsis data in this numerical example were collected from Northwest 
England, which can be generally considered homogeneous. 

4.2.4. Prediction for sepsis diagnosis 
Based on the belief rules activated by an instance, we need to 

calculate the similarity degree to which each instance matches the 
associated activated combinations of referential values, using Eq. (25). 
Eq. (25) is for the instances featured by two input variables, and it can be 
further extended to those featured by five input variables. 

Table 2 
Likelihoods for referential values of input variables pointing to classes of output 
variable.  

yn\xn,l  A1,l  ⋯  Ai,l  ⋯  AVl ,l  Total  

1  c(1)1,l  
⋯  c(1)i,l  

⋯  c(1)Vl ,l  
∑Vl

i=1c(1)i,l  

⋮  ⋮  ⋮  ⋮  ⋮  ⋮  ⋮  
k  c(k)1,l  

⋯  c(k)i,l  
⋯  c(k)Vl ,l  

∑Vl
i=1c(k)i,l  

⋮  ⋮  ⋮  ⋮  ⋮  ⋮  ⋮  
K  c(K)1,l  

⋯  c(K)i,l  
⋯  c(K)Vl ,l  

∑Vl
i=1c(K)i,l  

Total  ∑K
k=1c(k)1,l  

⋯  ∑K
k=1c(k)i,l  

⋯  ∑K
k=1c(k)Vl ,l  

K   

Table 3 
Probabilities for referential values of input variables pointing to classes of output 
variable.  

yn\xn,l  A1,l  ⋯  Ai,l  ⋯  AVl ,l  

1  p(1)1,l  
⋯  p(1)i,l  

⋯  p(1)Vl ,l  

⋮  ⋮  ⋮  ⋮  ⋮  ⋮  
k  p(k)1,l  

⋯  p(k)i,l  
⋯  p(k)Vl ,l  

⋮  ⋮  ⋮  ⋮  ⋮  ⋮  
K  p(K)1,l  

⋯  p(K)i,l  
⋯  p(K)Vl ,l   
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αn,il,jm = αn,i,lαn,j,m

where

αn,i,l =
Ai+1,l − xn,l

Ai+1,l − Ai,l
, andαn,i+1,l = 1 − αn,i,l, if Ai,l⩽xn,l⩽Ai+1,l;

αn,i′ ,l = 0, if i′ = 1,…, Tl, and i′ ∕= i, i + 1.

(25) 

With these similarity degrees, we can calculate the joint similarity 
degree to which the instance matches the associated activated combi-
nation of referential values, by multiplying all the associated similarity 
degrees of an observation to the activated referential values. A joint 
similarity degree indicates the degree to which we should use the acti-
vated belief rules to predict the probability for each class of output 
variable associated with an instance. 

Having generated the joint similarity degrees, we are able to 
combine the belief rules activated by an instance to predict the proba-
bility for each class of output variable. To combine these belief rules, the 

reliabilities 
(
re(L)

)
and weights 

(
we(L)

)
of each belief rule are needed. 

They can be initially assigned from expert knowledge or trained using 
data as shown in Section 4.6. re(L) is equal to we(L) in this study. 

Based on the joint degree of similarity to which the instance matches 
the activated belief rules, and the reliability (weight) of each activated 
belief rule, we can generate the updated reliability (weight) of each 
activated belief rule for the instance (represented by ‘r′

e(L)’), which is 
displayed in Eq. (26). 

r′

e(L) = αn,e(L)re(L) (26) 

In Eq. (26), αn,e(L) indicates the similarity degree to which an instance 
matches a belief rule, which is generated in a similar way shown in Eq. 
(25). The updated reliability (weight) helps us consider the degree to 
which we should use the activated belief rules to generate the predicted 
probabilities for classes of output variable associated with an instance. 

Fig. 2. Probabilistic modeling, training of model parameters, and classification.  
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With the associated updated reliability (weight), we can combine the 
belief rules activated by the instance to predict the probabilities for 
classes of output variable assigned to the instance, using the conjunctive 
MAKER rule. 

4.2.5. Training of MAKER-based classifier 
In the above process for MAKER-based classifier establishment, Ai,l, 

rθ,i,l, wθ,i,l, etc., are the adjustable parameters assigned for inference. 
These parameters can be trained based on the sepsis data set, and the 
trained parameters can be used to establish a MAKER-based classifier to 
predict the probabilities that patients have sepsis or not. An optimal 
learning model is then proposed to train the parameters by maximizing 
the likelihood of true class of output variable, which is shown in Eq. 
(27). 

min δ =
1

2N
∑N

n=1

∑

θ⊆Θ

(

pn(θ) − p̂n(θ)
)2

s.t.Ai,l, rθ,i,l,wθ,i,l, γA,B,il,jm ∈ Ω

(27) 

In Eq. (27), p̂n(θ) and pn(θ) are the observed and predicted proba-
bility, respectively, of the proposition θ being true, which is given in the 
nth sample of the sepsis data set. The objective of the optimal learning 
model is to minimize the mean squared error (MSE) to make pn(θ) as 
close to ̂pn(θ) as possible. Ω is the feasible space of the parameters, which 
include the constraints such as 0⩽rθ,i,l⩽1. An adapted genetic algorithm 
is further used to train the parameters of a MAKER-based classifier, 
which is based on the optimal learning model. In the algorithm, each 
chromosome of a population include the referential values that multiple 
pieces of evidence are located at and the weights for evidential elements. 
This algorithm is hence appropriate for parallel computing. 

Based on the above five key components of the probabilistic 
modeling approach, Fig. 2 shows the flow diagram describing the 
probabilistic modeling based on the training data set, adapted genetic 
algorithm, classification based on BRB for test data set, and their 
interrelationship. From the above process, it is evident that the MAKER- 
based classifier is interpretable and transparent, which is established by 
the new modeling approach integrating statistical analysis, belief rule- 
based inference, and machine learning. 

4.3. An example of application of the new approach to sepsis diagnosis 

In this example, the “training set” mentioned in Section 4.1 is used to 
show how the modeling approach described in Section 4.2 is applied to 
sepsis diagnosis. Corresponding to the first component of the modeling 
approach, the first step for classifier establishment is evidence acquisi-
tion which are based on the “trained referential values” and the asso-
ciated boundary referential values. The boundary referential values 
indicate the minima and maxima of observations of input variables. The 
referential values of input variables for classifier establishment, which 
include the ‘trained referential values’ and the boundary referential 

values, are displayed in Table 4. 
Using Eq. (16), an observation of the “training set” can be trans-

formed into a belief distribution over a referential value. For example, 
an observation of CRP is 86, which is located between two adjacent 
referential values of CRP: 2.9000 and 190.2799. The similarity degree to 
which 86 (pointing to sepsis class) matches the referential values: 
2.9000 and 190.2799 are generated by 190.2799 - 86.0000

190.2799 - 2.9000 = 0.5565 and 
1 - 190.2799 - 86.0000

190.2799 - 2.9000 = 0.4435, respectively. Hence, the belief distribu-
tion of an observation: 86 over referential values: 2.9000 and 190.2799 
is generated as (0.5565,0.4435). As 86 is not located between 190.2799 
and 690.0000, the similarity degree of 86 to referential value: 690.0000 
is 0. 

After all the observations of each input variable are transformed into 
belief distributions, we can use Eq. (17) to aggregate the similarity de-
grees of all the observations in class ‘k’ to each referential value of an 
input variable. In this way, we can generate the observed frequency 
values of referential values of each input variable associated with classes 
of output variable. Tables 5 and 6 (associated with Tables 1 and 2) 
display the frequency values of referential values of input variables: CRP 
and IL-6, respectively. For each row of the tables, we can generate a sum 
of frequency values (δ(k)l ), using δ(k)l =

∑Tl
i=1α(k)

i,l . For instance, the sum of 
frequency values for the first row of Table 5 is generated as 
∑3

i=1α(1)
i,1 = 7.7714 + 57.9262 + 11.3024 = 77.0000. 

Next, we can generate the likelihood of observing a referential value 
of an input variable given a class of output variable, using Eq. (18). 
Tables 7 and 8 display the likelihoods of observing the referential values 
of input variables: CRP and IL-6, respectively, which point to classes of 
output variable. An example is that the likelihood of observing the 
referential value of CRP: 190.2799 given that the output class is ‘sepsis’ 
(indicated by ‘1′) is produced by c(1)2,1 = 57.9262

77.0000 ≈ 0.7523 (57.9262 and 
77.0000 are from Table 5). 

Based on the equation ηi,l =
∑K

k=1c(k)i,l , the sum of the likelihoods 
(signified by ‘ηi,l’) can be produced for each column of Tables 7 and 8. 
For example, the sum of the likelihoods for the column beginning with 
‘2.9000′ is given by η1,1 = 0.1009 + 0.3430 = 0.4439. With these 
likelihoods, the probability to which a referential value of an input 
variable points to a class of output variable (p(k)i,l ) can be generated by Eq. 
(19). We take the probability of the referential value of CRP: 190.2799 
pointing to the class: ‘sepsis’ (represented by ‘1′) as an example. It is 
generated by p(1)2,1 = 0.7523

1.3298 ≈ 0.5657. 
Tables 9 and 10 exhibit the probabilities of the referential values of 

input variables: CRP and IL-6, respectively, pointing to classes of the 
output variable. From the probabilities shown in Tables 9 and 10, we can 
acquire a piece of evidence from each referential value of an input 
variable (corresponding to Eq. (6) of Section 3). For instance, as shown 
in Table 9, the probabilities 0.2274 and 0.7726, associated with refer-
ential value: 2.9000, indicate that, if the CRP test result for a patient is 
2.9000, the probability of this patient having sepsis is 0.2274 and that of 
this patient not having sepsis is 0.7726. We can hence acquire a piece of 
evidence (e1,1) from the CRP test result: 2.9000, in that it points to the 
sepsis class with a probability of 0.2274 and the non-sepsis class with 
that of 0.7726. 

Corresponding to the analysis of evidence interdependence shown in 
Section 4.2, we take the instance: {82.0000, 32.1800} as an example to 
demonstrate how to use Eq. (20) to generate the joint similarity degree 

Table 4 
The referential values of input variables for classifier establishment.  

Input 
variables 

CRP IL-6 IL-10 PCT WCC 

Boundary 
referential 
values 
(minima)  

2.9000  0.8200  0.1400  0.0500  0.0000 

Trained 
referential 
values  

190.2799  101.9637  97.6625  9.8923  5.7066 

Boundary 
referential 
values 
(maxima)  

690.0000  20971.0100  4563.8700  200.0000  66.0000  

Table 5 
The frequency values of the referential values of CRP associated with each class 
of output variable.  

yn = k\Ai,1  2.9000 190.2799 690.0000 δ(k)1 =
∑3

i=1α(k)
i,1  

1  7.7714  57.9262  11.3024  77.0000 
2  66.8805  112.6240  15.4954  195.0000  
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to which an instance matches a combination of referential values, for the 
generation of the interdependence index between two pieces of evi-
dence. 82.0000 and 32.1800 are from input variables: CRP and IL-6, 
respectively. These two observations can activate two sets of two adja-
cent referential values: {2.9000,190.2799} and {0.8200,101.9637}, 
respectively. The similarity degree of 82.0000 to 2.9000 is generated as 
190.2799 - 82.0000
190.2799 - 2.9000 ≈ 0.5779, and that of 32.1800 to 101.9637 is given by 
32.1800 - 0.8200
101.9637 - 0.8200 ≈ 0.3101. Thus, the joint similarity degree to which 
{82.0000, 32.1800} matches the set of two adjacent referential values 
{2.9000, 101.9637} is generated as 0.5779× 0.3101 ≈ 0.1792. Thus we 
can have the associated belief distributions over the sets of the adjacent 
referential values. 

When all the instances are transformed into belief distributions over 
referential values combinations in a similar way, Eqs. (21) to (24) can be 
used to generate the joint probabilities of referential values combina-
tions pointing to classes of output variable. Table 11 displays the joint 
probabilities of all the combinations of referential values from input 
variables CRP and IL-6 pointing to classes of output variable. 

Based on the probabilities displayed in Tables 9–11, we can use Eq. 
(8) to generate the interdependence indices between a piece of evidence 
from CRP and that from the IL-6. For example, the interdependence 
index between a piece of evidence from CRP at 190.2799 and that from 
IL to 6 at 0.8200, which points to sepsis class (signified by ‘1′), can be 
produced by 0.1810

0.5657×0.1270 ≈ 2.519 (0.5657, 0.1270, and 0.1810 are ac-
quired from Tables 6–8, respectively). The interdependence indices 
between two pieces of evidence from CRP and IL-6 are exhibited in 
Table 12. 

From Table 12, it is clear that the test results for CRP and IL-6 are 
moderately independent from each other, as the interdependence 
indices are between 1 and 5. For instance, the interdependence between 
CRP test result: 190.2799 and the IL-6 test result: 101.9637 is moderate, 
as the associated interdependence index for the sepsis class (indicated by 
‘1′) is 1.8679 and that for the non-sepsis class (represented by ‘2′) is 
2.0941. 

Based on the acquired evidence and interdependence analysis, a 
belief rule base can be constructed to infer the likelihood of a patient 
having sepsis based on their test results of the biomarkers (corre-
sponding to the belief rule-base inference shown in Section 4.2). For 
example, through calculation of evidence fusion, we can generate 
probabilities: 0.0086 and 0.9914 for sepsis and non-sepsis classes, given 
the evidence combination at the referential values combination: 
{2.9000, 0.8200, 0.1400, 0.0500, 66.0000}. The associated belief rule is 
expressed as ‘if a patient’s test results of biomarkers: CRP, IL-6, IL-10, 
PCT, and WCC are equal to 2.9000, 0.8200, 0.1400, 0.0500, and 
66.0000, respectively, the probabilities that the patient has and does not 
have sepsis are 0.0086 and 0.9914, respectively. As each of the five input 
variables has a total of three referential values (shown in Table 1) and 
each referential value is assigned to a piece of evidence, there are 
altogether 35 = 243 combinations of five pieces of evidence at referen-
tial values combinations. With the 243 evidence combinations and the 
associated probabilities for sepsis and non-sepsis classes, we can hence 
generate 243 belief rules, which constitutes a belief rule base (which is 
shown in Table S2). 

Each observation of an input variable can activate two adjacent 
referential values between which the observation is located. Hence, each 
instance of the ‘training set’, which has five input variables, can activate 
25 = 32 belief rules out of the belief rule base. For example, an instance: 
{158.0000, 619.4500, 120.1000, 123.8600, 32.5000} from the ‘training 
set’ can activate 32 rules from the belief rule base for inference, which 
are displayed in Table I of Appendix. From the 32 belief rules activated 
by each instance of the ‘training set’, we can find the associated prob-
abilities for sepsis and non-sepsis classes, which can be used to further 
generate the predicted probabilities for each instance. 

Based on the belief rules activated by an instance, we can use Eq. (25) 
to calculate the similarity degree to which each instance matches the 
associated activated combinations of referential values (corresponding 
to prediction for sepsis diagnosis in Section 4.2). For example, 158.0000 
is an observation of the instance: {158.0000,619.4500, 120.1000,
123.8600, 32.5000}, and according to Table 4, the referential values of 
CRP activated by the observation: 158.0000 are 2.9000 and 190.2799. 

Table 6 
The frequency values of referential values of IL-6 associated with each class of 
output variable.  

yn = k\Ai,2  0.8200 101.9637 20971.0100 δ(k)2 =
∑3

i=1α(k)
i,2  

1  4.8761  68.3554  3.7686  77.0000 
2  84.8470  108.3789  1.7741  195.0000  

Table 7 
The likelihoods of observing referential values of CRP given each class of output 
variable.  

yn = k\Ai,1  2.9000 190.2799 690.0000 

1  0.1009  0.7523  0.1468 
2  0.3430  0.5776  0.0795 
ηi,1 =
∑2

k=1c(k)i,1   

0.4439  1.3298  0.2262  

Table 8 
The likelihoods of observing referential values of IL-6 given each class of output 
variable.  

yn = k\Ai,2  0.8200 101.9637 20971.0100 

1  0.0633  0.8877  0.0489 
2  0.4351  0.5558  0.0091 
ηi,2 =
∑2

k=1c(k)i,2   

0.4984  1.4435  0.0580  

Table 9 
The probabilities of referential values of CRP pointing to each class of output 
variable.  

yn = k\Ai,1  2.9000 190.2799 690.0000 

1  0.2274  0.5657  0.6488 
2  0.7726  0.4343  0.3512  

Table 10 
The probabilities of referential values of IL-6 pointing to each class of output 
variable.  

yn = k\Ai,2  0.8200 101.9637 20971.0100 

1  0.1270  0.6150  0.8432 
2  0.8730  0.3850  0.1568  

Table 11 
The joint probabilities of referential values combinations of CRP and IL-6 
pointing to classes of output variable.  

Ai,1  Aj,2  yn = 1  yn = 2   

2.9000  0.8200  0.0596  0.9404  
2.9000  101.9637  0.3922  0.6078  
2.9000  20971.0100  0.8109  0.1891  
190.2799  0.8200  0.1810  0.8190  
190.2799  101.9637  0.6498  0.3502  
190.2799  20971.0100  0.8312  0.1688  
690.0000  0.8200  0.2615  0.7385  
690.0000  101.9637  0.6614  0.3386  
690.0000  20971.0100  0.9089  0.0911  
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Using Eq. (25), the similarity degree of the observation: 158.0000 to the 
referential value: 2.9000 is calculated as 190.2799 - 158.0000

190.2799 - 2.9000 ≈ 0.1723 and 
that of 158.0000 to 190.2799 is calculated as 
1 - 190.2799 - 158.0000

190.2799 - 2.9000 ≈ 0.8277. These similarity degrees indicate that the 
observation: 158.0000 matches the referential value: 190.2799 to a high 
degree and 2.9000 to a low degree. In this way, we can calculate the 
similarity degrees of each observation of the instance: {158.0000,
619.4500, 120.1000,123.8600, 32.5000} to the associated activated 
referential values. Based on these similarity degrees, we can obtain the 
joint similarity degree to which the instance matches the associated 
activated combination of referential values using the extended version 
of Eq. (25). 

Having generated the joint similarity degrees, we are able to use the 
conjunctive MAKER rule to combine the belief rules activated by the 
instance: {158.0000,619.4500,120.1000,123.8600, 32.5000} to pre-
dict the probability for each class of output variable. For the instance: 
{158.0000,619.4500,120.1000, 123.8600,32.5000}, the predicted 
probability of the sepsis class is 0.9553 and that of the non-sepsis class is 
0.0447. It indicates that if a patient’s test results for CRP, IL-6, IL-10, 
PCT, and WCC are 158.0000, 619.4500, 120.1000, 123.8600, and 
32.5000, respectively, the probability that this patient has sepsis is 
0.9553 and the probability that this patient does not have sepsis is 
0.0447. 

5. Results and discussion 

The plotting of receiver operating characteristic (ROC) curve is 
generally used to demonstrate the discrimination accuracy of a diag-
nostic classifier for predicting whether a patient has an illness (Faraggi & 
Reiser, 2002). An individual is typically evaluated as ill (positive) or 
healthy (negative), given that the associated test value is greater, less, or 
equal to a specific threshold value (Kong et al., 2016). The threshold 
values are associated with probabilities for being true positive (sensi-
tivity) and true negative (specificity) (Kong et al., 2016). For all the 
possible threshold values, the associated ‘sensitivity’ and ‘1-specificity’ 
are plotted to generate an ROC curve (Kong et al., 2016). The area under 
the ROC curve (AUROC) is the most common global index for diagnosis 
accuracy (Faraggi & Reiser, 2002). 

In this study, we use a number of performance measures including 
AUROC, sensitivity (SEN), specificity (SPC), and accuracy (ACC), to 
compare the performance of the MAKER-based and alternative classi-
fiers. The alternative classifiers for comparison consists of a number of 
groups of candidate sub-classifiers, which include classification trees, 
discriminant analysis, support vector machine, k-nearest neighbors, 
ensembles, naïve Bayes, and artificial neural networks. As mentioned, 
the sepsis data set is partitioned into four folds of training and test sets 
for cross-validation. The MAKER-based classifier and all the candidate 
sub-classifiers (displayed in Table 13) are trained based on each training 
set. Within each group of sub-classifiers, the sub-classifier which has the 
highest average training accuracy is selected as the group representative 
classifier. The trained MAKER-based and representative classifiers are 
then tested based on each test set, and we can hence generate the 

performance measures (the threshold values for generative classifiers 
are 0.5) for each test set and the associated average measures. Based on 
these performance measures, we can provide a comprehensive evalua-
tion for each classifier’s classification performance. 

It is noted that the training for the MAKER-based classifier is 
terminated based on the stopping criteria proposed by Yao (2019), when 
there are five trained referential values for each input variable of the 
training sets, which generally considers the balance between model 
complexity and accuracy. Among these trained MAKER-based classi-
fiers, we select the ones which have one trained referential value for 
each input variable, to be the representative for the comparison with the 
alternative classifiers. The reason is that the selected ones have the 
highest average training accuracy among all the trained MAKER-based 
classifiers. The average results of performance measures of all the clas-
sifiers for the comparison are exhibited in Table 14 (the complete table 
for performance measures are shown in Table S3 of the Supplementary 
materials). 

From Table 14, it is clear that, although the MAKER-based classifier 
does not produce the best performance results among all the classifiers, 
its performance result is generally near the best in accuracy, and the 
ones are near to the average in sensitivity and specificity across all al-
ternatives. To be more specific, the MAKER-based classifiers have an 
average accuracy of 77.34% that is close to the best accuracy of 80.67%. 
They have an average sensitivity of 45.12%, which is above the average 
sensitivity of 41.29% among all the alternatives. They have an average 
specificity of 90% that is very close to the average specificity of 90.87% 
among all the alternatives. All of this suggests that the MAKER-based 
classifier has a similar performance with the alternative ones in terms 
of sensitivity, specificity, and accuracy. 

Regarding the AUROC, Fig. 3 presents the ROC curves of the MAKER- 
based classifier and the best alternative one (with the best AUROC) over 
each test set. Table 15 displays the AUROCs of all the classifiers for test 

Table 12 
The interdependence indices between two pieces of evidence from CRP and IL-6, 
respectively, pointing to classes of output variable.  

ei,1at Ai,1  ej,2at Aj,2  yn = 1  yn = 2   

2.9000  0.8200  2.0634  1.3943  
2.9000  101.9637  2.8052  2.0430  
2.9000  20971.0100  4.2298  1.5610  
190.2799  0.8200  2.5186  2.1602  
190.2799  101.9637  1.8679  2.0941  
190.2799  20971.0100  1.7425  2.4792  
690.0000  0.8200  3.1723  2.4087  
690.0000  101.9637  1.6578  2.5038  
690.0000  20971.0100  1.6614  1.6542  

Table 13 
The alternative classifiers for sepsis diagnosis.  

Alternative 
classifiers 

Candidate sub-classifiers Representative 
classifier 

Decision tree Simple tree, Medium tree, and 
Complex tree 

Complex tree 

Discriminant 
analysis 

Linear discriminant, and Quadratic 
discriminant 

Quadratic 
discriminant 

Support vector 
machine (SVM) 

Linear SVM, Quardratic SVM, Cubic 
SVM, Fine Gaussian SVM, Medium 
Gaussian SVM, and Coarse Gaussian 
SVM 

Fine Gaussian SVM 

K-nearest 
neighbor (KNN) 

Fine KNN, Medium KNN, Coarse 
KNN, Cosine KNN, Cubic KNN, and 
Weighted KNN 

Fine KNN, and 
Weighted KNN 

Ensemble Boosted trees, Bagged trees, 
Subspace discriminant, Subspace 
KNN, and RUSBoosted trees 

Bagged trees, and 
Subspace KNN 

Naïve Bayes Naïve Bayes Naïve Bayes 
Artificial neural 

network (ANN) 
Feed-forward backpropagation Feed-forward 

backpropagation  

Table 14 
Average performance measures of the classifiers for sepsis diagnosis.  

Classifiers/Measures SEN (%) SPC (%) ACC (%) 

MAKER  45.12  90.00  77.34 
Complex tree  62.81  83.08  77.36 
Quadratic discriminant  34.27  96.15  78.73 
Fine Gaussian SVM  21.58  95.38  74.58 
Fine KNN  47.16  83.85  73.49 
Weighted KNN  35.35  90.77  75.15 
Ensemble: bagged trees  51.04  90.00  79.00 
Ensemble: subspace KNN  50.00  85.39  75.43 
Naïve Bayes  36.27  98.08  80.67 
ANN: feed-forward backpropagation  31.54  92.69  75.42  
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sets. From Table 15, it can be observed that the average AUROC of the 
MAKER-based classifier is 0.8127, which is the third largest one among 
all the AUROCs of the 10 classifiers. A general rule of thumb for using 
AUROC to judge the classification capability of a classifier is that 

AUROCs that are in the range of 0.7–0.8, 0.8–0.9, and 0.9–1.0 are 
considered acceptable, excellent and outstanding discrimination, 
respectively (Hosmer & Lemeshow, 2000). The MAKER-based classifiers 
can be considered excellent, as its average AUROC is 0.8127, which is 

Fig. 3. The ROC curves of the MAKER-based and best classifiers for each test set.  
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lower than the average AUROCs of discriminant classifier (0.8142), and 
bagged trees (0.8523). 

As shown in the average AUROCs, the MAKER-based classifier for 
sepsis diagnosis performs better than the majority of alternative classi-
fiers, and close to the best one. In addition to this, the MAKER-based 
classifier established by the new modeling approach features an 
inherent interpretability, which is reflected in the three aspects as fol-
lows. (1) The evidence acquisition is interpretable. Evidence is acquired 
from referential values of continuous data directly using likelihood 
analysis: sample casting and likelihoods normalization. Under the 
MAKER framework, we can combine multiple pieces of evidence. We 
can also capture interdependence between a pair of evidence using 
interdependence index based on marginal and joint likelihood functions, 
rather than assumes interdependence between a pair of evidence. (2) 
The inference mechanism is interpretable. The inference with belief rule 
base (BRB) on which the MAKER-based classifier is based is inherently 
interpretable from the perspective of the structure of belief rules. (3) The 
parameters determination is interpretable. Each parameter of the clas-
sifier is statistically or preferentially meaningful from the perspectives of 
probabilistic inference and evidence-based decision-making, and can be 
optimally trained based on whatever data is available. 

More importantly, clinical decision-making (e.g., sepsis diagnosis), 
as much as art as science, is a final outcome of a complicated process that 
relies on scientific knowledge and clinical experiences accumulated 
through years of training and practice (Hans, Shevroja, & Leslie, 2021). 
It is difficult to assess the interpretability of a classifier without the 
consideration of specific domain knowledge and experience. The 
MAKER-based classifier is inherently interpretable from the perspective 
of supporting clinical decision-making. Specifically, the determination 
of referential values of specific biomarkers can be combined with the 
knowledge and experience of doctors. The weights of biomarkers is a 
reflection of doctors’ knowledge and understanding of specific bio-
markers in sepsis diagnosis. The adjustment of classifier parameters, i.e. 
referential values and weights, can be used to better reflect doctors’ 
judgement and opinions about patients’ condition. The BRB inference 
based on the combination of biomarkers is similar to the process of 
clinical adjudication made by doctors. An instance from sepsis patients’ 
continuous biomarker data can activate multiple pieces of evidence from 
different biomarkers. It is of great necessity to combine activated evi-
dence to generate belief rules reflecting actual patients’ condition. This 
is similar to the process that doctors integrate information of patients’ 
biomarkers to form the basis of clinical adjudication for sepsis. Each 
given instance is capable of activating belief rules from BRB, which can 
be combined to generate a predicted output distribution. This resembles 
the process that doctors link the evidence-based knowledge and expe-
rience to the patients’ condition to make clinical adjudication about 
sepsis for patients. Due to the inherent interpretable structure, BRB can 
be used to document how changes in biomarkers affect the predicted 

output distribution to support doctors’ clinical adjudication. 
Overall, the MAKER-based classifier is designed to enhance doctor’s 

perception and support doctors in clinical decision-making, and learning 
or planning with the help of artificial intelligence, instead of replacing 
doctors in the processes automated by artificial intelligence. The inter-
pretability of the MAKER-based classifier is assessed in this paper 
without unnecessary repetitions, as there are many other papers and 
books explaining the built-in interpretable structure of BRB inference of 
the classifier and the interaction between the MAKER-based classifier 
and doctors’ knowledge and experiences (Kong et al., 2012, 2016). As 
such, the MAKER-based classifier established by the new modeling 
approach features an inherent interpretability, and hence a recom-
mended tool to help doctors make reasonable diagnostic decisions about 
sepsis. 

Regarding the time of optimization of the classifiers established by 
the new approach, it can be noted that the offline MAKER-based clas-
sifier can be trained based on large quantity of data. The associated 
online MAKER-based classifier can be established based on the offline 
one. The inference of online classifier can be very fast as we only need to 
fine-tune the parameters of the classifier such as the weights of evidence 
elements to make the classifier fit for a batch of new data. 

In addition to the proposed probabilistic modeling approach of this 
study, Fuzzy rule-based model is also an interpretable rule based 
approach. Fuzzy rule-based model, which is based on fuzzy sets, is used 
to express knowledge in a set of fuzzy rules to deal with complex real 
world problems. It is capable of dealing with uncertainty, imprecision, 
and non-linearity. Due to its interpretability, it can be interpreted, 
verified, and modified by human experts. Compared with the fuzzy rule- 
based model, the MAKER-based model acquires evidence directly from 
data using statistical analysis. In addition, evidence is combined using 
the MAKER framework to generate the belief rules representing the 
probabilistic input–output relationship. The rules in the MAKER-based 
model are both knowledge-based and data-driven, while those in the 
fuzzy rule-based models are predefined by specialized knowledge and 
expertise. The belief rules of the MARKER-based models are developed 
from the traditional if-then rules that are used in the fuzzy rule-based 
models. The belief rules are designed with belief degrees embedded in 
all possible consequents of a rule. The belief rules are hence capable of 
capturing vagueness, incompleteness, and random nonlinear causal 
relationship, while the traditional if-then rules can be represented as a 
special case. The MAKER framework is effective for aggregating both 
qualitative and quantitative information under uncertainty (especially 
that caused by ignorance or incomplete information). 

This paper focuses on the “interpretability” of the proposed approach 
in the application of sepsis diagnosis. The importance of “interpret-
ability” has been recognized by many researchers in the field of machine 
learning, but the studies of quantifiable measures for the quality of 
interpretability are just at the initial stages. Schmidt and Biessmann 
(2019) proposed a quantitative measure for the quality of interpret-
ability based on the mutual information between the observations and 
model predictions. They also developed a quantitative measure of trust 
in machine learning decisions. Carrington, Fieguth, and Chen (2018) 
identified criteria for model transparency from literatures and proposed 
an objective binary measure of model transparency. In the future 
studies, a new quantitative measure will be developed from the per-
spectives such as separability, stability, validity, correctness, and 
compactness of explanations of model predictions. 

6. Conclusions 

In summary, this paper presents the application of a new probabi-
listic modeling approach to sepsis diagnosis. A brief introduction to 
sepsis and its diagnosis is provided at the beginning of this paper. Then 
we present the methodology of BRB inference and MAKER framework, 
respectively. Next, a numerical example based on a data set collected 
from Northwest England is given to describe how the new approach is 

Table 15 
The area under the receiver operating characteristic curve (AUROC) of each of 
the classifiers for the sepsis diagnosis.  

classifiers/measures AUROC 

1st test 
set 

2nd test 
set 

3rd test 
set 

4th test 
set 

avg. 

MAKER  0.8332  0.7342  0.8325  0.8509  0.8127 
Complex tree  0.8129  0.7674  0.6962  0.7997  0.7690 
Quadratic discriminant  0.8486  0.7905  0.8284  0.7894  0.8142 
Fine Gaussian SVM  0.7655  0.7508  0.7781  0.8284  0.7807 
Fine KNN  0.6754  0.6908  0.5962  0.6577  0.6550 
Weighted KNN  0.7828  0.7443  0.7651  0.7101  0.7506 
Ensemble: bagged trees  0.8831  0.8151  0.8435  0.8675  0.8523 
Ensemble: subspace 

KNN  
0.8323  0.7120  0.8284  0.7902  0.7907 

Naïve Bayes  0.8452  0.7923  0.8249  0.7852  0.8119 
ANN: feed-forward 

backpropagation  
0.8782  0.7840  0.8095  0.7675  0.8098  
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used to construct MAKER-based classifiers for sepsis diagnosis, from the 
perspectives of evidence acquisition, interdependence analysis, BRB 
inference, prediction, and model training. The MAKER-based and 
alternative classifiers are trained and validated based on a four-fold 
cross-validation. Based on the cross-validation classification results, 
we generate the results of performance measures including sensitivity, 
specificity, accuracy, and AUROC for these classifiers. The performance 
comparison shows that the MAKER-based classifier is near-optimal, 
which outperforms 7 out of 9 alternative ones for sepsis diagnosis. 

More importantly, the MAKER-based classifier established by the 
new modeling approach is characterized by an inherent interpretability. 
It is reflected in three aspects as follows. (1) The evidence acquisition 
using likelihood analysis is interpretable. (2) The inference based on 
BRB is interpretable. (3) The parameters determination using machine 
learning algorithms is interpretable. Overall, the MAKER-based classi-
fier established using the new approach, is highly transparent and 
interpretable. It is hence potentially helpful for sepsis diagnosis. Further 
studies are necessary for establishing a model based on the sepsis data 
sets with ‘unknown’ class and handling the high multiplicative 
complexity for the number of referential values of input variables in the 
belief rule base (Xu et al., 2017). It is also necessary to conduct research 
about quantification of “interpretability” in the context of machine 
learning. 
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