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Post-harvest diseases of apple can cause considerable economic losses. Thus, we developed DSSApple, an interac-
tive web-based decision support system, that helps users to diagnose post-harvest diseases of domesticated apple
based on observed macroscopic symptoms on fruit. Specifically, DSSApple is designed as a two-stream hybrid
diagnostic tool, that can be effectively used by both expert and non-expert users to diagnose diseased instances
of apple. The image-based stream allows the user to interact simply by selecting pictures, representing the variety
of symptoms of diseases at different stages of the infection and on different cultivars. Instead, the expert-based
stream of the system incrementally collects user feedback about the target disease by asking questions related to
the macroscopic characteristics of the observed symptoms on a target apple. The expert-based reasoning mecha-
nism of DSSApple is developed by leveraging the framework of Bayesian Networks (BNs). We detail the process of
building this knowledge base with the support of a domain expert. We further exploit the BN to process incom-
plete or conflicting user feedback within the inference mechanism as well as to provide human-understandable
explanations on the suggested diagnoses. The proposed hybrid approach has been thoroughly evaluated in two
studies, involving simulated (by photos) as well as real infected apples. Thus, the proposed hybrid version of

DSSApple is able to outperform both the single streams and the user intuition in terms of diagnostic accuracy.

1. Introduction

The apple (Malus x domestica) is cultivated on a global scale in tem-
perate regions, reaching a world gross production value of 37.8 billion
dollars in 2016 [29]. Apple fruits are a valuable contribution to human
nutrition and are available throughout the year, as modern apple culti-
vars can be stored for a period of up to twelve months under controlled
atmosphere conditions [40]. In the course of storage, however, apple
fruit may deteriorate, due to physiological disorders or infectious post-
harvest diseases. The most important post-harvest diseases of apple are
caused by pathogenic fungi that can affect both the quantity and qual-
ity of the produce, not only during storage but also at the time of pack-
ing and shipment. For instance, in the USA, the annual losses caused by
post-harvest diseases of apple were estimated at 4.4 million dollars [30],
while in Northern Europe, storage losses due to pathogenic microorgan-
isms were estimated to reach up to 10% in integrated production and up
to 30% in organic production [25]. As fungal post-harvest pathogens dif-
fer in their biological characteristics, effective disease determination is
crucial for containing damages, setting sales and marketing priorities as
well as to implement a sanitation program, or to define pre-harvest plant

* Corresponding author.

protection measures for the following season. The most accurate diag-
nostic methods are based on microscopic, microbiological or molecular
genetic examinations, which require dedicated laboratories and trained
staff [3]. A method for disease determination that requires the lowest
technical effort and can be directly applied in packing-houses and fields
is based on the observation of decayed fruit for the presence of macro-
scopic symptoms or fungal signs. The former include the appearance,
colour, texture and consistency of the rot induced on the peal and/or
the pulp tissue, whereas the latter comprise mycelium, fruiting bodies
or spore tufts. However, symptom-based disease diagnosis requires a
good knowledge of the diseases involved and a trained eye of the user.
Furthermore, symptoms can vary according to the cultivar, the stage of
infection, as well as the cultivation and storage conditions. Therefore, a
computer-guided decision support system able to support on-site practi-
tioners to distinguish pathogens producing apparently similar symptoms
is of crucial importance in such an agricultural sector [36,44].

To the best of our knowledge, few works in the literature addresses
the problem of building a decision support system to diagnose post-
harvest diseases of apple. One of these few was the seminal work by
Roach et al. [35], introducing POMME, a knowledge-based diagnostic
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module for apple scab being part of a system supporting apple grow-
ers in managing their orchards. In the domain of agriculture, expert
systems have been widely adopted to cope with the diagnosis and pre-
vention of diseases and disorders that may appear at different develop-
mental stages or parts of the crop plant, and largely affect the yield [2].
Knowledge-based expert systems for supporting diagnosis, founded on
if-then or logical rules [5,24,42] have inspired our work, specifically in
the context of knowledge elicitation and management. However, these
works lack important features, which we consider fundamental for our
decision support system. Specifically, we designed the system to be used
by a different variety of practitioners, researchers, or interested users,
with different expertise levels in the domain of apple diseases — from
quality managers in packing-houses, to the farmers, from researchers
in phytopathology, to the students of horticultural science. Thus, the
application of strict expert-defined rules is shortcoming, given that it
requires a good amount of domain knowledge by the final user to effec-
tively use the diagnostic application. Namely, in order to correctly rec-
ognize some subtle symptoms on fruits associated to specific diseases,
years of training and experience in the field are required. Therefore, we
exploit multiple sources of information to facilitate the interaction with
(non-expert) users. For instance, Kolhe et al. [18] reported a web-based
intelligent diagnostic system for oilseed-crops. The system was designed
to incorporate a dynamic knowledge base and to provide reasoning by
means of a fuzzy logic approach. The interaction with the system was
supported by means of an audio-visual-graphical user interface using
text-to-speech conversion tools. Gonzalez-Andujar [12], Gonzalez-Diaz
etal. [13], instead, built an expert system for the identification of weeds,
insects, and diseases of olive trees and pepper plants. Knowledge was
gathered by literature review and interviews with experts, and the sys-
tem adopted a conventional if-then knowledge representation, but also
employed digital images to assist users in the identification process. Fi-
nally, the Identificator [32] diagnosis system for strawberries inspired
our contribution. Similarly, the framework lets users select macroscopic
features (symptoms) associated to predefined images in order to diag-
nose the correct diagnosis.

However, a property missing in the applications referenced so far
concerns the capability of dealing with uncertainty in the knowledge as
well as in the user feedback, i.e., the presumed relations between symp-
toms and diseases are mediated by some degree of uncertainty as well as
the feedback acquired from users might be wrong or misleading. Thus,
for the development of the expert-defined stream of our model we relied
on the Bayesian Network (BN) [19,31] framework, a probabilistic graph-
ical model which allows reasoning under uncertainty about symptoms,
signs, and diseases. The application of the BN technique for diagnosis
tasks has its roots in the late 1980s and early 1990s with the first de-
cision support systems for medical diagnosis, such as MammoNet, pre-
sented by Kahn et al. [15], for the diagnosis of breast cancer. In partic-
ular, we took inspiration from the methodology employed by Spiegel-
halter et al. [39] on the construction of a probabilistic expert system
diagnosing the “blue baby” disease. In contrast to the application of BN
models in agriculture [7,33] that were fully bootstrapped from data, we
applied the guidelines for the elicitation of expert knowledge for setting
model parameters provided by Kuhnert et al. [20].

The objective of this study is to develop DSSApple, an interactive
web-based decision support system, that helps users to diagnose post-
harvest diseases of apple, based on observed macroscopic symptoms, in
order to suggest possible counter-measures for future prevention. The
system is designed to provide a practical interface to elicit information
about an unknown disease on a target apple from both, expert and non-
expert users. Specifically, our application allows for a two-stream hybrid
interaction based on the similarity of images, depicting symptoms vari-
ety (image-based stream), as well as on multiple-choice questions related
to the macroscopic characteristics of symptoms, that are exploited by
the BN reasoning mechanism (expert-based stream). In order to compute
the diagnosis (i.e., a ranked list of suggested diseases), both, the image-
based and the expert-based stream are combined to boost the accuracy.
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The system has been thoroughly tested by means of two real-world eval-
uation studies involving semi-expert users. The users were challenged to
use the DSSApple application in order to correctly diagnose two sets of
infected apple, i.e., simulated through photos, and real infected apple
provided by storage houses. In both cases, the ground-truth disease for
each apple was assessed in laboratory through microbiological analy-
sis of the pathogen. This real-user evaluation proved the effectiveness
of the hybrid DSSApple system in the diagnostic task, which generally
outperformed both the image-based and the expert-based approaches, as
well as the users’ intuition based on their self-report.

Thus, the methodological contribution of this paper is manifold,
namely:

a) We describe a novel application based on a hybrid expert system
for the challenging task of diagnosing post-harvest diseases of apple
(Section 2.1) and we discuss the design choices made for building
our system (Section 2.1).

b) We illustrate the knowledge elicitation process for the construction
of an ad-hoc knowledge base, responsible of the reasoning mecha-
nism of the BN model (Section 2.4).

c¢) We formally define a practical and adaptive inference mechanism,
based on the BN framework and able to deal with soft evidence
(Section 2.5), as well as an hybridization technique to increase the
diagnostic effectiveness of the system (Section 2.6).

d) We present a practical algorithm for explaining the suggested di-
agnosis, based on the BN processed evidence provided by the user
(Section 2.7).

The rest of the paper is organized as follows. In Section 2, we re-
port the methodological contributions of this work. Firstly, we present
the DSSApple application, illustrating its features and design choices.
Secondly, after introducing background theory on BN, we describe the
process of expert knowledge elicitation for BN construction, and the
mechanism of expert-based inference with BN. Then, the algorithm for
the computation of hybrid diagnoses, as well as the technique for diag-
nosis explanation are detailed. In Section 3, we outline the experimental
user studies conducted in order to test the effectiveness of DSSApple and
comment on the results. Finally, in Section 4 we draw conclusions and
depict future extensions of the presented research.

2. Materials and methods
2.1. Application overview

DSSApple ! is designed to be an interactive easy-to-use web applica-
tion allowing expert and non-expert users in the area of apple production
and storage (e.g., scholars, researchers, and storage workers) to perform
diagnosis of post-harvest diseases of apple fruit, based solely on the ob-
served macroscopic symptoms on the fruit. We leave full flexibility to
users to select either or both of the two streams of the system harnessing
the image-based and expert-based sources of information. Of course, this
choice depends on the degree of expertise of the user and the difficulty
of the diagnosis under investigation. While the image-based stream of-
fers a more intuitive interface, solely based on pictures, the expert-based
stream requires a deeper knowledge and understanding of disease symp-
toms. After the user’s feedback collection, the system proposes a ranked
list of diagnoses along with explanations. The interaction process with
the DSSApple application is represented in Fig. 1.

In more detail, in the image-based stream, the user interaction with
the system is conducted simply by clicking on pictures, representing the
variety of symptoms of different diseases at different stages of infec-
tion and on different cultivars. We divided the interactive session into
two rounds for both the outer part and the inner part of the apple. At
each round of interaction, the user is requested immediate feedback on

L Accessible at http://dssapple.unibz.it.
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Fig. 1. A diagram representing the interaction of the user
with the DSSApple hybrid system.
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Fig. 2. The interface for a round of interaction with
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a small set of images, depicting reliably determined disease symptoms
on apple fruit, based on the perceived similarity with the diseased tar-
get apple. A round of interaction with the image-based part of the sys-
tem is represented in Fig. 2. The user can navigate back and forth the
four rounds of interaction and revise her choices. At the current stage,
the system included ten high-quality photos for each disease, which are
randomly sampled at each round with stratification over the disease.
Given the unavailability of a large dataset of reliable high-quality ap-
ple diseases images, we produced our own set of images. In particular,
infected apples were collected from orchards and storage-houses in the
Bolzano region and the ground-truth disease was reliably determined
in laboratory by microbiological analysis of the spores. Hence, different
photographs of the manifested inner and outer symptoms were taken
for each sampled apple, to be included into the system. An extensive
analysis on this part of the system is provided in our previous works
[37,38].

In the expert-based stream, the system collects user’s observations
about the target disease by asking a set of dynamic multiple-choice ques-
tions related to the macroscopic features of the observed symptoms (e.g.,
the shape of the rot, the origin of the infection, etc.). Each question is
illustrated with exemplary pictures, facilitating also non-expert users in
their understanding. Each symptom-related question is mapped to a spe-
cific variable in the BN model as described in Section 2.4. This part of
the system is dynamic, since the system incrementally adapts the ques-
tions based on the previous answers given by the user. For instance,
when the system gets the information that fungal structures are visible
on the infected apple, it will inquire the user about further features of
those structures (i.e., their distribution, colour, or origin). Furthermore,
the system again provides full flexibility to the user, i.e., it allows to
navigate back and forth the questions path, to revise previous answers,

the image-based stream of DSSApple, namely referred
to the outer symptoms of the apple fruit.

and to skip those questions for which the user does not have enough
confidence to answer. Fig. 3 reports a section of the expert-based part
of DSSApple.

After the system finishes the data collection phase (i.e., the user
completed the expert-based, or the image-based, or both paths), the user
can access the diagnosis page. Here the application displays a ranked
list of suggested diagnoses, based on the information provided by the
user. Each suggested diagnosis is supplied with a score, representing
the confidence of the system towards that diagnosis, and an explana-
tion motivating that suggestion in the light of the collected user feed-
back. The score is computed based on the path followed by the user.
Namely, if just the expert-based stream is followed, the score of each di-
agnosis is computed based on the reasoning on the underlying expert
model; if just the image-based stream is followed, the score of each diag-
nosis is based on the frequency of the coherent symptoms selected for
each candidate disease; if both streams are completed, DSSApple com-
putes a hybrid score for each disease, which is a linear combination of
the two scores. More details about the hybrid diagnosis are provided
in Section 2.6.

Moreover, the explanation component is crucial for such a decision
support system in order to increase the transparency of the suggested
diagnosis and thus the trust by the user. For DSSApple, we designed it
as a pop-up box for each suggested disease. Based on the path followed
by the user for the diagnosis, the explanation box will show fingerprints
of the clicked images which belong to that disease (for the image-based
stream), or the most representative answers provided by the user de-
scribing that disease (for the expert-based stream). Furthermore, a brief
description of the disease is provided, followed by a link to a wiki page
where the user can find additional information about the disease (e.g.,
causal pathogen, disease cycle, recommendation for disease manage-
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Fig. 3. A section of the expert-based stream of DSSAp-

Where do the spores or mycelium originate from?

Cracks

Lenticels

Wound 3

1 don't know

ment, etc.). Fig. 4 shows an example of an explanation box, which in-
cludes both the expert-based and the image-based explanation.

The reasoning system for the DSSApple expert-based stream is devel-
oped on the framework of Bayesian Network (BN) [19,31]. The choice of
BN allows to define and reason about relationships between causes (e.g.,
the disease) and effects (i.e., the symptoms) under uncertainty, namely
when these relations are not deterministic but should be mediated by
probability. The procedure of eliciting these relations (i.e., the BN con-
ditional probabilities) from a domain expert is described in Section 2.4.
Furthermore, other tools, naturally derived from the BN framework, are
perfectly suited for the task of DSSApple. For instance, the capability
of including incomplete and stochastic information (i.e., soft evidence)
in the inference mechanism is described in Section 2.5, while the pos-
sibility to explain the suggested diagnosis in the light of the collected
evidence, is described in Section 2.7.

2.2. Design choice

We are aware of the fact that automated image analysis and classifi-
cation have achieved important results for the task of disease identifica-
tion in agriculture, in particular in recent years thanks to the deep learn-
ing paradigm [9]. Nevertheless, we considered such a fully-automated
approach inadequate for our scope for both methodological and practi-
cal reasons.

First of all, the majority of the proposed approaches presented so far
in the literature [9,10,23] was tested solely on an “offline” batch evalua-
tion. Namely, the reported results were optimized for the prediction on a
previously collected dataset, disregarding the non-trivial effort of trans-
posing such an approach in a real-world environment. Specifically, this
would have required a user to produce some high-quality photographs
in the field or to equip storage facilities with proper cameras. Secondly,
deep learning is a black-box tool by construction: the automated clas-
sification is non-transparent and can hardly be explained to the user
[41]. This might lead, in case of poor diagnostic performance, to a dis-
trust towards the system. These shortcomings are both counteracted by
our design choice of adopting a “human-in-the-loop” paradigm [43] in
which the user is directly involved (with a minimum technical effort)

ple, in which the user is queried about the origin of fun-
gal growth.

into the diagnostic process, having the effect of increasing the usability,
transparency, and trustability of the system.

Furthermore, the adoption of deep learning generally requires a large
amount of images to cope with the high variance embedded in the clas-
sification problem, while our manually curated dataset of high-quality
and trustable images counted just few hundreds of photographs, derived
from around one hundred distinct instances of apple. Indeed, the task
of classifying post-harvest diseases of apple shows a particularly high
intra-disease variance. The same pathogen induces different symptoms
on different species, also based on the progression of the diseases (i.e.,
days after an infection). At the same time, for a non-expert evaluation,
and even for experts without a microscopic or microbiological analy-
sis, it is very difficult to understand the subtle differences of symptom
appearances just by observing images of macroscopic symptoms, partic-
ularly at early stages of an infection.

To corroborate this intuition with an illustrative example, in Fig. 5,
we show three photos of external symptoms. When comparing these
images the difficulty of the classification task clearly emerges. The two
symptoms looking most similar, given also that they appear on the same
apple cultivar, are in fact manifestations of the two different diseases
(Neofabrea and Alternaria). On the other hand, two examples of Al-
ternaria symptoms appear to be largely different, since they manifest
themselves on different cultivars and at different stages of the infection.

2.3. Background on bayesian network

A Bayesian Network (BN) [16,19] is defined by its two main com-
ponents: the qualitative part represented by its graphical structure and
the quantitative part consisting of the conditional probabilities. More
formally, a BN is graphically represented as a directed acyclic graph
(DAG) G= (N, E), where N = {n;,n,,...,n;} denotes the set of / nodes
and E C N x N the set of directed edges between pairs of nodes. Each
node n; € N in the DAG G is mapped one-to-one with a random vari-
able X; € X, where X denotes the set of random variables involved
in the model. A random variable X; € X is represented by a set of
exclusive values (or states) in which the variable might be observed
Val(X;)) = {x!,x?,...,x"}, where x{ € Val(X,) denotes the jth value of
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Blue Mold Rot (Penicillium spp.)

EXPLANATION

Because you provided the following answers:
e Does the lesion originate from a wound? Yes
e How does the lesion area look like? Sunken

e Which is the color of the fungal growth? White

Because you selected the following images:
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Fig. 4. Example of an explanation box interface for the Blue mold
rot. (For interpretation of the references to colour in this figure leg-
end, the reader is referred to the web version of this article.)

Blue mold is a common storage disease in apples for the fresh market. It is the most important
postharvest disease in all apple-producing countries worldwide. Blue mold is one of the most
destructive rots of stored apples and annual economic losses are estimated at 4.5-5 million USD.
Postharvest losses up to 50% of total production were reported in developing countries, where
sanitation and refrigeration are lacking. Some isolates of P. expansum produce the mycotoxin
patulin, with a potential damage to public health. Patulin is heat resistant, particularly in an acidic
environment and, as a result, the toxin persists in shelf-stable apple products, such as juices,

concentrates, jellies, and baby foods.

variable X;. We use the notation X; = x{ for an observed event, to
express that variable X; € X is observed (or instantiated) in the state
x{ € Val(X;). Quantitatively, a conditional probability table (CPT) is as-
sociated to each random variable X; € X. The CPT specifies the con-
ditional probability distribution P(X;|pa(X;)) € P over the states of X,.
Where, P represents the set of conditional probabilities in the model,
and pa(X;) C X denotes the set of the so-called parents of the variable
X; associated to the node »; in the DAG G. Specifically, the parent set
of X; is composed by every variable X; € X associated to the node »;
in the DAG G, connected with a directed edge to n; (the so-called child
node). More formally, pa(X;) = {X; € X : (n;,n;) € E}. We can further
define an ancestor variable an(X;) of the variable X;, and a descendant
variable de(X;) of variable X, if exists a directed path (i.e., a set of di-
rected edges) connecting node n, (associated with variable an(X;)) to
n; (associated with variable X;), and n; to n, (associated with variable
de(X,)); namely {(n,.n)). (n;.m,). (n.my). ... (ng.ng)} C E. It is important
to mention that the DAG G of the BN typically specifies a set of prob-
abilistic or causal relationships among variables in the model. Namely,
if an edge (n;,n;) € E exists in the graph, this usually implies that a
causal relation holds between the variables X; and X;, associated to

nodes n; and n;. Specifically, the parent X; represents the cause and

Fig. 5. An example of how difficult could be to automatically
classify apple diseases based on photos - The left-most apple
is infected by Neofabrea, while the others are infected by Al-
ternaria.

child X; represents the effect in the modeled domain. Thus, a fundamen-
tal assumption of conditional (in)dependence between variables could
be derived. Specifically, this assumption is referred as Local Markov As-
sumption (or Local Independence Assumption), and it states that: given its
parents pa(X;) C X, defined in the DAG G, a variable X is conditionally
independent of all its non-descendent variables. More formally, for each
variable X;: (X; L X jlpa(Xy)), where X ;& de(X)), set of descendants of
X;. This property allows to specify the joint distribution over the space
of the variables X in the BN model through the following probability
factorization:

I
Px) = [] PXilpacx,) O)
i=1

The equation is usually referred to as the chain rule for Bayesian
networks. This joint distribution implicitly allows the BN to compute
other probabilities of interest. For instance, one may be interested in
reasoning about the impact of any set of observations (or evidence) E
on any assignment X, = x5, where X, C X. We define an evidence E
as an observation of any proper subset of variables in the BN model
E={X,=x,X;,= xé, .- X4 =x!}, where d <. The probability dis-
tribution we want to compute, hence, becomes the posterior probability
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Fig. 6. Flow chart of the knowledge elicitation process

followed for the BN construction.
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P(X, = x§|E), of the query (unobserved) event x given the evidence E.
This posterior probability can be computed directly from the joint dis-
tribution P(X), by conditioning it on the observation E eliminating the
entries in the joint inconsistent with the observation and re-normalizing
the results such that they sum up to 1; we compute the probability of
the event X, = x§ by summing the probabilities of the entries in the
resulting posterior distribution which are consistent with x5.

2.4. Expert knowledge elicitation for Bayesian network construction

The elicitation of expert knowledge for constructing the Bayesian
network (i.e., both the network structure and the CPTs) is a crucial
task. To accomplish this challenging operation two options are avail-
able: learn it from data or elicit knowledge from domain experts. At
the best of our knowledge, no datasets are publicly available allowing
to learn significant relationships among apple diseases and macroscopic
symptoms. Thus, we focused on interviewing a domain expert for the
construction of the BN knowledge base. Following the common scheme
presented in the literature [8,11,34], we divided the task into two dis-
tinct phases: during the first phase, we identified the random variables
(i.e., the macroscopic symptoms) relevant for the diagnostic process;
during the second phase, we determined the probability values (i.e.,
the CPTs) quantitatively linking the diseases to the symptoms, and re-
vised the conditional dependencies among random variables in the BN
model. In Fig. 6, we schematize the whole knowledge elicitation process
through a flow chart.

With the help of a domain expert we limited a general apple ontol-
ogy [27] to the relevant parts for relating diseases with visible macro-
scopic symptoms. Thus, we ended up with a stable configuration of
around 30 observed random variables, grouped into 8 categories, to-
gether with two hidden random variables, namely Disease and Stage.
One basic assumption underlying our model is that there are no mul-
tiple infections with two or more diseases and that the list of diseases
is complete, namely, a target apple is always infected by one and only
one disease. In addition, we also assumed that all the symptom vari-
ables are conditionally independent given the Disease variable, as com-
monly done for Naive Bayes [16]. Thus, the Disease variable encodes
the whole set of fungal diseases of our study, namely Val(Disease) = {al-

ternaria_rot, alternaria_spot, black_rot, blue mold, bitter. rot, bulls_eye, fusar-
ium rot, grey mold, mucor rot, siderot}. The Stage variable was intro-
duced to facilitate the probability elicitation task. It represents three
discrete and symbolic stages of advancement of the post-harvest infec-
tion, namely Val(Stage) = {early, medium, late}. This workaround allows
experts to visualize a specific condition of the disease and thus specify
a more reliable likelihood of the symptoms. At the end of this phase,
we removed variables for which it was too hard to assess differences
among different manifestations of the symptom, and thus to define an
exhaustive set of mutually exclusive states. We mention for this issue the
variables Lesion_colour and Rot colour. In Tables 1 and 2, we report all
the variables and respective states included in the final model, defined
after this first phase.

In the second phase, we interviewed the domain expert in order
to define the quantitative probabilistic dependencies (i.e., the CPTs)
among variables. For simplicity, we decided to start from a situation
where all the symptom variables are conditionally independent upon
one another and also conditionally dependent upon the two hidden
variables (i.e., Disease and Stage). We indicate the Disease variable as
D € D, where D defines the set of hidden variables for the model.
Val(D) = {d',d?, ...,d"} represents the set of states of the variable D,
where d' is the ith state of the Disease variable (i.e., the ith disease in our
pool). The Stage variable is referred as T € D and Val(T) = {t', 72, ..., 1"}
represents the set of states of variable T, where ¢ is the ith state of
the Stage variable. All other (observed) variables in the model are gen-
erally referred to as symptom variables and they belong to the set S.
A generic symptom variable .S; € S is represented by a set of states
Val(S) = {s!,s?,....,s7}, where s{ is the jth state of the symptom vari-
able S;. Moreover, we adopted a mixed-questionnaire approach in-
spired by Gaag et al. [11], for facilitating the expert knowledge elic-
itation process and thus to define the model CPTs. In more details,
two techniques were applied depending on the support of the vari-
able. For Boolean variables (for each symptom variable S; € S such
that Val(S;) = {true, false}), the expert was requested to answer the
question: “How frequently do you observe symptom S; = true, given that
you have an apple infected by disease D = d; at stage T =t;?”. We pro-
vided her the choice among a pre-defined 6-point scale, including Al-
ways (A), Very often (V), Often (O), Sometimes (S), Rarely (R), and Never
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Table 1
Summary of all the variables and states involved in the model, grouped by categories
(first part).
Category Variable States
Diagnosis Disease {alternaria_rot, alternaria_spot, black_rot,
blue_mold, bitter_rot, bulls_eye, fusarium_rot,
grey_mold, mucor _rot, side_rot}
Diagnosis Stage {early, medium, late}
Lesion type Rot {true, false}
Lesion type Spot {true, false}
Lesion type Scab {true, false}
Other traits Halo {true, false}

Other traits
Other traits
Other traits

Lesion origin
Lesion origin
Lesion origin
Lesion origin
Lesion origin

Mycelium_spores

Sclerotia
Odour
Lenticel
Wound
Calyx
Stalk
Core

{true, false}
{true, false}
{true, false}
{true, false}
{true, false}
{true, false}
{true, false}
{true, false}

Lesion properties
Lesion properties
Lesion properties
Lesion properties
Lesion properties
Lesion properties
Lesion properties
Lesion properties

Number _lesions
Lesion_form
Lesion_margin
Lesion_area
Lesion_appearance
Lesion_surface
Lesion_intactness
Lesion_size

{single, few, multiple}

{circular, irregular}

{sharp, indistinct}

{plane, flat, sunken, collapsed}

{dry, watery, baked}

{unwrinkled, slightly wrinkled, wrinkled, corky}
{uncracked, cracked, parchment}

{xs, s, m, 1, x1}

Table 2

Summary of all the variables and states involved in the model, grouped by categories (second part).

Category

Variable

States

Odour properties
Halo properties
Fungal properties
Fungal properties
Fungal properties
Rot properties
Rot properties
Rot properties
Rot properties
Rot properties

Odour_type
Halo_colour
Fungal_colour
Fungal_distribution
Fungal_origin
Rot_shape
Rot_margin
Rot_moisture
Rot_transparency
Rot_consistency

{sweet_cider, earthy_musty, bandage}

{brown, red, yellow, light_green}

{white, grey, dark_grey, pink, yellow, brown, green_blue, peppered}
{random, concentric}

{wound, lenticels, cracks}

{conical, rounded, irregular}

{sharp, indistinct}

{dry, moist, juicy}

{opaque, glassy}

{firm, spongy, soft}

Table 3
Scale to convert expert knowledge into probability distributions.

Question Answer P(S; =trueld,t)
How frequently do you observe Always (A) 0.999
symptom S, = true, given that Very often (V) 0.8
you have apples infected by Often (0) 0.6
disease d at stage 1? Sometimes (S) 0.3

Rarely (R) 0.01

Never (N) 0.001

(N). The expert had to fill a form, answering for each combination of
d; € Dxt; € T. The symbolic scale was converted into an actual proba-
bility value P(S; = true|D = d;, T = t;) according to the scheme reported
in Table 3. The complementary probability was consequentially defined
as P(S; = false|D =d;,T =1;) =1— P(S; = true|D = d;,T =1).

For categorical variables (for each symptom variable S, € S such
that Val(S)) = {s/,s?, ..., s"}, where m > 2), we adopted a lighter, yet ef-
fective, approach. For each categorical symptom variable .S, € S, given
a specific disease D = d, at stage T = t;, the expert was invited to simply
indicate which values of Val(.S)) are likely to be observed. Furthermore,
we agreed on a 3-point symbolic annotation to denote the likelihood of
each reported state, namely, common (no parenthesis), less common (one
parenthesis), and rare (two parentheses). The assumption underneath
this choice was that many symptom states are never observed under
specific conditions (i.e., resulting CPTs are sparse) and could be ignored

to speed up the elicitation process. In order to convert likelihood anno-
tations into actual probability distributions, we designed the following
heuristic. Consider a random variable R with Val(R) = {a, b, c,d}, which
is annotated as follows by the expert: a: common, b: less common, c: rare,
and d is ignored; then P(a) = 2P(b) = 4P(c) = 1.0 and P(d) = 0.0. Fur-
thermore, a small value ¢ = 0.001 is added to each probability value in
order to avoid null probabilities, then values are normalized such that
Y revary P(r) = 1.0. This process completely defines a probability dis-
tribution for the categorical random variable R.

After the complete definition of the quantitative components of the
model (i.e., the CPTs), we further refined the model to converge to the fi-
nal specification of the BN model for DSSApple. We leveraged the expert-
defined CPTs to identify conditional independence in the model and thus
prune the graph from superfluous edges. Consider a set of three random
variables X, Y, and Z. X and Y are defined as conditionally indepen-
dent given Z if and only if P(X|Y,Z)= P(X|Z), and this is written
(X LY|Z). In our context, we decided to start from a graphical repre-
sentation where all the symptom variables are dependent upon both the
disease variable D and the stage variable T. After probability elicitation,
we were able to identify conditional independence between a symptom
variable S and stage variable 7', given disease variable D, namely when
P(S|D,T) = P(S|D). We exploit this property to identify conditional in-
dependence for all the variables belonging to the lesion origin category
and for the variables Number lesions, Odour. type, and Fungal distribution,
with respect to Stage. Finally, we identified some “second-order” vari-
ables to be further connected to other symptom nodes. This is the case of
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the variables in the category rot properties connected with node Rot, halo
properties connected with node Halo, fungal properties connected with
node Mycelium spores, and odour properties connected with node Odour.
These edges will increase the expressiveness of the model by condition-
ing the property of the symptom with the actual symptom. For instance,
in a situation where our system will receive the evidence Rot = false,
it will immediately set the values of the variables in the rot properties
category to na (not applicable), or more formally P(R, = na) = 1.0 for
every variable R, € R, rot properties category.

The final BN graph used as a reasoning mechanism for DSSApple is
reported in Fig. 7. The central nodes in the network, bolded and empty,
represent the two unobserved diagnosis variables, namely Disease and
Stage. On the top part of the network, coloured in grey, are the nodes re-
lated to the lesion properties. On the right-most part, coloured in yellow,
are the rot properties, while on the left-most part, coloured in green, are
the lesion origin nodes. Finally, in the central-bottom part, coloured in or-
ange, are the nodes related to the lesion type and other traits represented,
under those, coloured in cyan, the nodes representing the properties of
the other traits.

2.5. Bayesian network inference mechanism

The reasoning system of the constructed BN allows to perform the
inference, namely, to estimate the posterior probability distribution on
a target unobserved variable (i.e., the Disease variable D), given any set
S € S of observed variables as provided by the user (i.e., the evidence
E). The evidence set E is constructed incrementally by the DSSApple ap-
plication. At each step, the application requests the user to answer a
multiple-choice question, related to a symptom variable S; € S. When
the user submits the observed state s{ € Val(S;), DSSApple includes the
new information into the evidence set, EU S; = s{ . At the end, of this
feedback collection process, the application will have access to the com-
plete information provided by the user on the target disease, she want to
diagnose. It is important to mention that the BN inference mechanism is
robust to missing values, hence, the user is not forced to provide an ob-
servation for every symptom variable .S; € S in the model. Thus, if the
user skips the question related to variable S,, € S, the evidence set E
will not include an observation for that variable, S,, ¢ E, and the infer-
ence will be computed anyway. Thus, the goal of the reasoning system

Lesion Lesion_ Lesion Lesion_
_area margin _size surface
. ] e ~ ///

/ | -
/ £ N
Fungal_
Halo_colour Fungal_colour distribution
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Fig.7. The graph of the Bayesian network for
DSSApple.
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is to provide a probability over the candidate diseases (i.e., the diagno-
sis). We estimate the posterior probability distribution P(D|E) through
an algorithm called loopy belief propagation [14]. The loopy belief propa-
gation is an approximate message-passing method to perform inference
on graphical models. In few words, the algorithm iteratively updates the
marginal distribution P(N) of a node N € G, by updating the outgoing
message, at the current iteration, from the node N to each of its neigh-
bors V € G in terms of the previous iteration’s incoming messages from
V.

Furthermore, we decided to provide additional flexibility to the ap-
plication, by allowing the user to submit multiple answers to the same
categorical symptom variable. This may be useful in situation where
the observed symptom state on target apple is ambiguous (e.g., it is dif-
ficult to distinguish whether the shape of the internal rot is rounded or
conical), or the target apple presents different states of the same symp-
tom (e.g., the spore originate both from a mechanical wound and from
lenticels). Thus, a categorical variable S, € S which is instantiated to
more than one value S, = {s},s3, ..., s}, such that I < [Val(S,), it is
converted by the system into a uniform distribution P(S,) on the set of
observed values. In more details, P(S, = s!,) = 1/I, where s/, € S, is an
observed value for the variable S,. Obviously, if a value Si e Val(Sy)
is not observed, i.e., Sfi ¢ S,, its probability is set to P(S,; = 5{1) =0.
This type of evidence is referred in the literature as soft evidence and it
allows to define and reason about uncertain evidence [26]. The soft evi-
dence can be included into the evidence set, E U P(S,), and the inference
mechanism works as usual.

2.6. Hybrid diagnosis computation

In this section, we clarify how a ranked list of suggested diseases
(i.e., a diagnosis) is computed when user completed just the image-based
stream, just the expert-based stream, or completed both streams of DSS-
Apple.

For the image-based path alone, at the end of the image selection
rounds, an image-based score score(d,),,, for each disease d; € D is com-
puted. The score should be proportional to the number of coherent
symptoms for disease d; depicted in the pictures clicked by the user.
More formally, given the set of m clicked images C = ¢, ¢, ..., ¢, dur-
ing the image-based selection rounds, the image-based score for disease
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d; € D is computed as:

score(d)img = Y| 1, (e))/m )
eC

where 1, L) 1 1 —{0,1} is an indicator function, equals to 1 when
clicked iﬁage c; belongs to the set I, , of the images depicting symp-
toms of disease d;, 0 otherwise. The score is normalized by the total
number of clicks m such to constraint the score in the interval [0, 1].
Thus, the ranked list of k suggested diseases Rf.‘mg ={d',d?, ... ,d*} for
the image-based path is then based on the score for each disease, such
that score(d"),,,, > score(d™*!),,,,.

For the expert-based path alone, after completing the evidence col-
lection phase, the system computes an expert-based score score(d;)exp
for each disease d; € D as the posterior probability for the BN, as de-
scribed in Section 2.5. More formally, given the provided evidence set
E=S, =598, =5}, .5, =s], defined as the set of instantiated state
s{ € Val(S;) for each random variable S; € S, the expert-based score
for disease d; € D is computed as:

score(d))exp = P(D = d;|E) 3)

Again, the ranked list of the k suggested diseases R{c‘xp =
{d',d?,...,d*} for the expert-based path is then based on the score for
each disease, such that score(d')ey, > score(d™+!),.

When the user completes the path on both DSSApple components, the
system computed an aggregated hybrid score score(d;),,, for each disease
d; € D, which is a linear combination of score(d,);,,, and score(d;)exp-

Specifically:

score(d)pyy, = (1 — a) - score(d;) ;g + & - score(d;).y, 4)

img
where a € [0, 1] is an hyperparameter of the system which allows to
control the contribution of the expert-based stream with respect to the
image-based stream of DSSApple. The a hyperparameter can be adapted
to leverage the target user group characteristics (i.e., degree of exper-
tise) for the deployed application, in order to optimize the diagnos-
tic performance. A standard technique in machine learning is the one
of using a limited set of controlled interactions with the system as a
fine-tuning set from which to learn the « maximizing the diagnostic ac-
curacy. Of course, a could be also manually set by the experimenter.
For instance, with « = 0.5, we impose an equal contribution of the two
components in the computation of the aggregated score. Finally, the
ranked list of the k suggested diseases R’;lyb = {d',d?,...,d"} for the hy-
brid path is then based on the hybrid score for each disease, such that
score(d")y,,, > score(d™1), .

2.7. Explanation of diagnosis

Explanation is a key component in modern machine learning ap-
proach. It allows to increase trustability towards the model by letting
its decision to be understood by human being in real-world application
[4]. Even more so, in a costly domain, such as the one of decision sup-
port system for diagnosis, where decisions can have huge economical
impact, if not on human well-being (e.g., in medical area). Some previ-
ous work has been presented in the field of Bayesian Network explana-
tion, which is reviewed by Lacave and Diez [21]. The authors classified
the explanation methods into three categories: explanation of reasoning,
explanation of the model, and explanation of evidence, according on the
BN component interested by the explanation.

Based on the proposed classification, we present a novel BN
reasoning-related explanation technique, which is inspired by the for-
ward feature selection [17] in supervised classification. The goal is to
identify, among all the pieces of evidence provided by the user, which
subset of it better justifies a given diagnosis. More formally, given the
complete set of evidence E provided by a user performing the diagnosis
task, we want to find the subset Bz C E, with cardinality », which rep-
resent the best explanation (i.e., the most representative evidence set)
towards the diagnosed disease D = d. The approach we propose receives
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as input the evidence provided by the user E = {e,e,, ..., ¢,}, a target
diagnosis D = d, and an integer number n < k, namely, the cardinality
of the subset of evidence that should explain the diagnosis d. Please
notice, that a piece of evidence ¢; € E corresponds to the observation
of a symptom random variable S; = s;, as provided by the user to the
system. The algorithm starts from an empty set Bg = and computes
a likelihood metric L(Bg Ue;,d) for each piece of evidence ¢; € E with
respect to the target diagnosis d. The evidence e € E with the highest
likelihood L*(Bf Ue;,d) is added to Bg and removed from E. Thus, we
construct the best set of evidence B‘f = Bg’ Ue; of cardinality 1, with re-
spect to target disease d. Then, all the remaining pieces of evidence in
E\ e are tested in conjunction with the best evidence set constructed
so far. For each piece of evidence ¢; € E\ ¢}, we compute the likelihood
metric L(BY Ue;,d) on the set BY Ue; with respect to d, and select the
ej € E\ ¢; that achieves the highest score L*(Bf Ue;,d), which is added
to B? and removed from E. Thus, we obtain a best subset of evidence
explaining d, Bg ={ef. e}, of cardinality 2. This process iterates until
the best subset of evidence BZ of cardinality » is built, or until step 7, if
L*(BY,d)> L*(BY,,,d) for0 <t < n.

We define the likelihood metric L(.) for a subset of evidence E’ C
E with respect to a target disease D = d, according to the measure of
normalized likelihood (NL) described by Kjaerulff and Madsen [16]. Thus,
we formulate N L(E’, d) as following:

P(E'|d) _ P(E',d)/P(d) _ P(d|E")P(E')/P(d) _ P(d|E")
P(E) P(E) P(E) P(d)
(5)

N L(E',d) is a measure of the impact of a subset of evidence E' C E
on the target disease d. By comparing the normalized likelihoods of dif-
ferent subsets of the evidence, we compare the impacts of the subsets of
evidence on the target variable D. Investigating the impact of different
subsets E’ of the evidence on states d € D helps to determine subsets of
the evidence acting in favor of or against each possible hypothesis state.
The higher the measure of N L(E’,d), the more the subset of evidence
E’ acts in favour (and hence explain) the target disease D = d.

NL(E,d) =

3. Experiments and results
3.1. User study evaluation

In order to evaluate the performance of the DSSApple application,
we analyzed data on the usage of the system derived from a large user
study. Specifically, we involved students from the 2021 Phytopathology
class of the Bachelor in Agricultural, Food and Mountain Environmental
Sciences at the Free University of Bozen-Bolzano. The students, at the
end of the Phytopathology course, were instructed on how to use DSS-
Apple application and were asked to interact with the system to diagnose
the actual disease of a set of infected target apples. The user study was
divided into two distinct phases. In the first phase, called simulated
challenge, when the participant started a new diagnosis, the applica-
tion sampled a random target apple (i.e., an apple infected by a ground
truth disease, the user had to diagnose) and showed to her two photos
of the target apple, namely, one view of the external part of the apple,
and one internal view of the apple. The task of the user was to carefully
analyze the target apple and interact with the application (as described
in Section 2.1) in order to get a suitable diagnosis. The number of avail-
able target apples within the system was 50 (i.e., five apples for each
candidate disease), thus, each user had the possibility to interact with
the simulated part of the challenge up to 50 times. In the second phase,
called real-world challenge, we distributed to each participant a set
of four real apples, infected by a ground truth disease, inferred by lab-
oratory analysis. Again, the task of the user was to carefully analyze
the macroscopic symptoms on the apple and interact with the system
in order to get to the correct diagnosis. In both phases, a single ses-
sion of diagnosis is considered completed, once the user interacted with
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both the expert-based and the image-based stream of DSSApple, and she
provided her blind guess on the responsible disease(s) of target apple
infection. Namely, after the user provided all the evidence on a target
apple to the system but before knowing the system’s suggestions, she
was asked to provide her guess on the actual diagnosis. In this case,
the user could select up to three diseases, among the ten candidates,
she considers responsible for the target apple decay. This information is
used to compare the “a-priori” diagnostic capability of the user with the
one of our decision support system.

The number of users participating in the simulated challenge is 21
(10 females and 11 males), performing a total number of 146 diagnoses.
The average age of the participants is 24.2. The average number of di-
agnoses performed by each user is around 7, with a maximum of 46, a
minimum of 1, and a median value of 2. The users provided an average
number of 1.5 diagnostic guesses for each target apple. The number of
participants involved in the real-world challenge is 16 (9 females and
7 males, of which 12 overlap with the ones involved in the simulated
challenge). The average age of the participants is 24.8. The total num-
ber of performed diagnoses is 68. Each user received a balanced set of 4
infected apples, but in 4 cases the users tried to diagnose the same apple
twice. These repeated trials were considered as two distinct diagnoses.
The users provided an average number of 1.2 diagnostic guesses for each
target apple. In both challenges, the original set of participants (i.e., the
students of the Phytopathology class) were integrated with few exter-
nal users to enrich the set of experiments with more data and variabil-
ity. It is important to highlight that the guest participants were selected
based on a similar or higher degree of knowledge in Pythopathology
(i.e., PhD students, former graduate students, or colleagues). We stress
the fact that all the participants of the challenge had a moderate level
of expertise in the domain of post-harvest diseases of apple, in order
to effectively use the full version of the hybrid DSSApple application.
This ensured that the performed user study was a simulated yet realistic
test of the system in the wild, namely, employed by storage workers,
researchers, or practitioners in the field of Pythopathology.

3.2. Evaluation metrics

The way in which to evaluate the performance of DSSApple is not
straightforward, hence, in this section, we illustrate and justify the
evaluation metrics used in the results. The output of the system at
each diagnosis on target apple a is a ranked list of suggested diseases
Rk ={dl,d?,...,d*} of length k. The ith disease d! is ranked based
on the score score(d’) computed by the diagnostic model based on
the information provided by the user on apple a, such to ensure that
score(d’) > score(d’*!). The desired property of the ranked list R¥ is that
it includes the ground truth target disease #, for target apple a, within
the smallest possible k. Specifically, we would like our diagnostic model
to assign the highest score s * (d) to the ground truth disease, namely
d' == t,. In order to evaluate this property, we borrow two metrics from
the information retrieval domain, namely recall and precision [1]. In our
domain, recall measures the share of diagnosis where the ground truth
disease 7, is correctly retrieved within the ranked list R’;, for apple a
diagnosis. Precision measures the share of guesses (or suggested dis-
eases in R¥) that correctly identify the ground truth disease t,, on the
total number of guesses in every diagnosis. To better formalize these two
metrics, consider a situation in which a set N of n diagnosis is performed
by DSSApple. The set N is composed by n lists of suggested diagnosis,
namely N = {R’;] , R’;z, R"jn }, where a; represents the ith apple pro-
cessed by the system. Also consider that, in the presented scenario, the
length k is static and fixed for all RZ,’ but it could be easily extended to
the case in which it is dynamically adapted to each diagnosis. Thus, we
formally define recall and precision as:

ZR’;I,EN “Rgi ()

Recall(N, k) = (6)

10
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ZR’;ieN Tre (1)

Precision(N, k) = X
n

(O]

The function 1 RE (t,) : D — {0,1} is an indicator function equal to

lifz, e R’;i and O otherwise. It is easy to understand how these two
metrics are strongly influenced by the choice of k. Specifically, recall is
directly correlated with k (i.e., it monotonically increases as k increases),
while precision is inversely correlated with k (i.e., it monotonically de-
creases as k increases). Thus, we define a metric which is more robust
on different k and it achieves a trade-off between recall and precision.
This is the Fp-score, formally computed as:

Recall(N, k) - Precision(N, k)

_ 2
FPN.by=(1+p )ﬁ2 - Precision(N, k) + Recall(N, k)

®

For the diagnostic application presented in this work, we value recall
to be a more relevant metric than precision, since a type I error (i.e.,
identifying a wrong disease as diagnosis) is less harmful than a type II
error (i.e., failing to identify the correct disease as diagnosis). Hence, in
the presented results, we set f = 2 and use the F2-score, which weights
recall twice as precision.

Based on a qualitative pre-study on usability and on application in-
terface constraints, as well as on performance optimization, we decided
to set k = 2, i.e., the length of the list of suggested disease for every di-
agnosis is 2. Thus, the results presented in next sections are intended
to be evaluated on the top-2 ranked diseases for each diagnosed target
apple qg;. For the benchmark method, namely the user-made diagnosis,
we could not force a fixed length &, hence, in this case, the results are
computed on the full list of (up to 3) diseases selected by each user for
the target apple a;.

3.3. Overall results

Tables 4 and 5 summarizes the overall results of recall, precision
and F2-score achieved by the two diagnostic components of DSSApple
alone (namely, image and expert), the full hybrid method (hybrid), and
the user-made diagnosis (user), for the simulated and real-world chal-
lenge respectively. We would like to stress that we always considered
the top-2 diseases, namely, the two highest scoring diseases for each
DSS-related method as a diagnosis. Vice versa, for the user-made diag-
nosis, we evaluated all the disease selections made by the user at the end
of the diagnosis, which is on average 1.5 (std. 0.75) for the simulated
challenge and 1.2 (std. 0.62) for the real-world challenge. For all these
experiments, we fixed the hyperparameter for the hybrid diagnosis score
computation to a = 0.5.

In Table 4, we notice that the hybrid system appears to be the best
performing method in the diagnostic task. Specifically, hybrid outscores

Table 4

Results achieved by each diagnostic model (i.e.,
image, expert, hybrid, and user-made diagnosis)
during the simulated challenge.

image expert  hybrid  user
Recall 0.678 0.527 0.699  0.555
Precision 0.339 0.264 0.349 0.371
F2-score 0.565 0.439 0.582 0.504
Table 5

Results achieved by each diagnostic model (i.e.,
image, expert, hybrid, and user-made diagnosis)
during the real-world challenge.

image expert  hybrid user
Recall 0.441 0.397 0.544  0.308
Precision  0.221 0.199 0.272  0.263
F2-score 0.368 0.331 0.453 0.298
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the user-made selection for +14% in recall (70% against 56% of cor-
rectly retrieved diseases) and + 8% in F2-score. Nevertheless, user-made
diagnosis is slightly more precise (+2%, 37% against 35%) than the one
made by the hybrid system. This fact might be attributed to the more
conservative decisions taken by the user, which, in most circumstances,
were motivated to select a single disease for which they were very confi-
dent being the correct one. Note, how the image-based method appears
to be the second best performing method for both recall and F2-score
metrics, separated from the hybrid method of around 2%. The expert-
based method, instead, despite being the worst-performing method, it
is fundamental in regularizing the image-based selection, as testified
by the improved performances achieved by the hybrid. It is important
to mention how the poor performances of the expert-based system are
influenced by the prior expertise of the users involved in the study.
Specifically, even a group of semi-expert users might find difficulties
in correctly identifying the requested symptom characteristics. Such a
limitation, namely, how to bridge the gap between expert and users
knowledge and perception is currently under investigation by means of
a transfer learning approach [22].

Other considerations can be drawn from the results of the real-world
challenge, as reported in Table 5. Firstly, it is evident how difficult it was
for the user to switch from a simulated environment, where the pro-
posed target diseases are controlled and somehow paradigmatic of the
disease, to an in-field environment, where the real apple could present
much more variability inducing an increased challenge for the user in
perceiving the correct macroscopic symptoms. Thus, the results are gen-
erally worse than the one registered during the simulated challenge.
Nevertheless, hybrid appears once more as the most effective method
in all the measured metrics. Specifically, it achieves the largest increase
in recall with respect to the user-made diagnosis (+23%, 54% against
31%), and it appears to be also slightly more precise (27% against 26%),
despite having a larger average k (2 against 1.2), number of suggested
diseases. Finally, we could notice how both components (image and ex-
pert) outscore the user diagnosis in terms of recall and F2-score. In par-
ticular, the expert model is the one which gets more benefits from the
real-world environment, getting closer results to the ones of the image-
based method (around 4% difference in recall and F2-score). This is
probably due to the fact that a user is facilitated in using the expert-
based stream of the system by having a real apple in her hands. In fact,
she can fulfill a more careful inspection of the macroscopic symptoms on
the fruit and, hence, improve her capability of distinguish the subtlety
of the symptom characteristics requested by the system.

This is, at the best of our knowledge, the first quantitative evalua-
tion, in the form of a user study, assessing the effectiveness of a decision
support system in the field of post-harvest disease of apple diagnosis.
A similar procedure was followed by Kolhe et al. [18] for the evalua-
tion of an expert system for crops disease identification. A group of 20
agriculture under-graduate students were involved, to diagnose 8 test
cases each, and producing a recall of 65%, which is in line with our
findings. Other relevant applications of expert systems in agriculture
domain [12,13,24,32], presented an evaluation based on user-reported
effectiveness, usefulness, and usability, assessed by means of question-
naires, such as the well-known System Usability Scale (SUS) [6]. This
kind of qualitative evaluation is outside the scope of this work, since it
has already been investigated in previous publications [28,37].

Tables 6 and 7 show how the four diagnostic methods perform in
terms of F2-score with respect to each ground truth target disease, in
the simulated and real-world challenge respectively. In the simulated
challenge evaluation, reported in Table 6, it is easy to notice how the
hybrid method emerges as the best performing approach for half of the
diseases (5 out of 10), whereas image-based method outscores all other
methods in two situations (for alternaria rot and side rot), and expert
in a single case (for fusarium_rot). For 3 diseases the hybrid method is
tied with one of the two simpler components (once with image, once
with expert, and once with both). In two situations, for alternaria_spot
and bulls_eye user-made diagnosis is better than the one performed by
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Table 6

F2-score achieved by the four diagnostic methods, i.e., image,
expert, hybrid, and user diagnosis, conditioned on the target
ground truth disease, for the simulated challenge. The number
of diagnoses taken for each disease (#diag) is also reported.

#diag  image expert hybrid user
alternaria_rot 14 0.833 0.357 0.417 0.667
alternaria_spot 15 0.833 0.278 0.833 0.933
black_rot 15 0.333 0.556 0.556 0.366
blue_mold 15 0.389 0.111 0.389 0.341
bitter rot 14 0.655 0.655 0.655 0.608
bulls_eye 16 0.313 0.313 0.417 0.506
fusarium_rot 13 0.192 0.385 0.321 0.201
grey_mold 15 0.722 0.778 0.833 0.536
mucor._rot 15 0.611 0.556 0.667 0.542
side_rot 14 0.774 0.417 0.714 0.389
Table 7

F2-score achieved by the four diagnostic methods, i.e., im-
age, expert, hybrid, and user diagnosis, conditioned on the tar-
get ground truth disease, for the real-world challenge. The
number of diagnoses taken for each disease (#diag) is also

reported.
#diag  image expert  hybrid  user
black_rot 7 0.357 0.595 0.595 0.286
blue_mold 16 0.729 0.156 0.677 0.366
bitter_rot 9 0.093 0.093 0.093 0.392
bulls_eye 5 0.333 0.333 0.333 0.741
fusariumrot 3 0.0 0.278 0.278 0.357
grey_mold 18 0.417 0.463 0.463 0.217
side_rot 10 0.083 0.417 0.417 0.0

our DSS for a +10% F2-score. Important to mention that in the simu-
lated challenge, the number of diagnosis provided for each target dis-
ease (#diag) is controlled by the system and thus it is balanced across
the 10 different candidate diseases. We noticed that, when users are al-
ready quite confident about the diagnosed disease (like in the cases of
the two Alternaria diseases or bitter rot), the image-based version of the
system achieves better results. A peculiar situation can be observed in
the alternaria spot case, where users made an effective diagnosis (93%
of F2-score), with similarly high results for image-based diagnosis (83%
of F2-score), while the expert method is scoring one of the lowest result,
with just 28% F2-score. Vice versa, among the diseases which are the
hardest to be identified by the user, the expert-based method shines.
This happens, for instance, in the case of fusarium rot, where the user
scores 20% F2-score and the expert 38%, or in the case of black rot,
where the user scores 36% F2-score and the expert 56%.

Different insights can be derived from the F2-score results for the
real-world challenge, presented in Table 7. As a limitation, just seven
out of the ten candidate diseases were considered for the real-world
challenge. In the time period of the challenge no apples infected by Al-
ternaria spp. or Mucor spp. could be obtained from storage houses in the
Bolzano province. It is important to note that for this study, the num-
ber of instances (#diag) for each disease is not balanced, but it is again
subjected to natural constraints (i.e., the number of apples with each
disease, available in our lab). In fact, two of the cases in which DSSAp-
ple performed worse than the user selection, the number of diagnoses
taken by users is low (three for fusarium rot and five for bulls_eye).

Hence, the results may be conditioned by the bias of such a lim-
ited test set. Indeed, blue mold shows a very high performance of the
image-based module (73% F2-score), while the expert suffers of poor
results, below 20% (similarly as in the simulated challenge). grey mold
and black_rot report performances which are close to their behaviour in
the simulated challenge, whereas bitter rot registers a significant drop in
the performances of all the DSS components, getting just a 9% F2-score.
Finally, for side rot the image-based component, as well as the user se-
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Fig. 8. F2-score achieved by the four diagnostic methods, i.e., im-
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lection, got a very low F2-score, while the expert-based method kept the
same performance of the simulated challenge.

To conclude, from this analysis conditioned on the target ground
truth disease we could identify different kind of behaviour of DSSAp-
ple and user selection. For instance, alternaria spot and bulls eye seem to
be easier to be diagnosed by the user than by our system. Vice versa,
blue_ mold and alternaria_rot can be effectively identified by the image-
based method, while black rot, fusarium rot, and grey_ mold required the
mediation of an expert model. For some other diseases, like bitter rot
and side rot we had conflicting evidence from the two evaluation sce-
narios. Nevertheless, we can generally conclude that hybridizing the two
streams of information elicitation (i.e., image and expert) is an effective
way to achieve a good trade-off for every target disease.

3.4. User-related results

In this section, we report the results related to the performance of
each user in the diagnostic task. In particular, we aim at comparing
the hybrid version of DSSApple with respect to the performances of its
components (i.e., the image-based and the expert-based model) and the
user capability of diagnosing apple diseases.

In Fig. 8, we depict the performances for each user involved in the
simulated challenge. Specifically, the graph reports each user F2-score
for the image-based, the expert-based, and the hybrid models, as well as
the score for the user-made diagnosis. Important to mention that, among
the 21 users just seven performed more than 2 diagnoses, namely U2,
U6, U9, Ull, U14, U20, and U21 (in bold in the graph). Hence, we
should consider that the other 14 users might exhibit a larger variance in
their results due to the limited number of interactions. Generally speak-
ing, in 12 out of 21 cases at least one of the DSS methods significantly
outperformed the user selection. Of these, in a single case (for Ul) the
best performing method was the expert one, in two cases (for U4 and
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U12) the best method was the image-based, while for the remaining nine
participants the hybrid model achieved the best score, in most cases tied
with one of the two simpler methods. For the users which outperformed
DSSApple, just in five cases the score is significantly higher (greater than
0.1) with just one user with more than two interactions (U9). For the
remaining users, the hybrid model was tied or close to the user-made
diagnosis performance, including two degenerative cases in which the
user was not able to get to any correct diagnosis (U8 and U16).

Similar considerations could be derived for the real-world challenge,
as shown in Fig. 9. In this second challenge, we ensured that each user
had at least four interactions (i.e., target apple diagnosis) with the sys-
tem. Also notice that the user ids (e.g., U1, U2, etc.) do not correspond
to the ones in the simulated challenge. From this real-world test, we can
see how the hybrid model emerges to be the best performing diagnostic
method for 10 out of 16 users. In three cases hybrid was tied with expert
method, in four cases with image method and in three cases without any
tie with simpler methods. For the remaining six users, five of them out-
performed our DSS with their decision, while in a single scenario (U11)
hybrid was tied with user decision, but image-based diagnosis alone per-
formed better. Finally, we can conclude that for more than half of the
tested users (more than two third in the real-world scenario) the DSSAp-
ple application is able to boost their capability in identifying the correct
post-harvest apple disease.

This thesis is further supported by the pie charts represented in
Fig. 10. These show the percentage of interactions where the user or
the DSS were able to correctly identify the target post-harvest disease,
in the simulated (Fig. 10a) and the real-world (Fig. 10b) challenge. For
these graphs, we restricted the DSS diagnosis to the top-2 diseases se-
lected by the hybrid model only. In the simulated challenge, the user
alone was able to correctly identify the ground truth disease in more
than 55% of the cases, while, with the help of DSSApple this percent-
age increased to around the 70%, with more than 27% of the tested
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apples recovered from a wrong diagnosis. A proportion of 17% of the
apples failed to be identified anyhow, while the user is losing 13% of
correct diagnoses by trusting the DSS instead of her intuition. The same
percentage of correct diagnoses made by the user only is shown in the
real-world scenario. Nevertheless, in this case the user alone was able
to correctly identify just a bit more than 30% of the diseases, while the
system was able to boost this percentage up to 54%, with more than
36% of refined diagnoses. The increased difficulty of a real-world in-
field diagnosis is testified by the fact that around one third of the apples
were wrongly diagnosed with both decision models.

4. Conclusions

DSSApple is an interactive decision support system diagnosing post-
harvest diseases of apple based on the observed macroscopic symptoms.
The application is designed with a practical web-based interface to elicit
information about the unknown disease on a target apple from both ex-
pert and non-expert users. Specifically, our application allows for a two-
stream hybrid interaction, based on both expert-defined questions and
visual stimuli referring to observable symptoms. The system has been
thoroughly tested by means of two real-world experiments involving
semi-expert users. They were challenged to use the DSSApple applica-
tion in order to correctly diagnose two sets of infected apples, one set of
apples simulated by photos, and the second set of real infected apples
provided by storage houses. This evaluation proved the diagnostic ef-
fectiveness of the hybrid system, which generally performed better than
its two single components (i.e., expert-based and image-based), as well
as the user-made diagnosis as another baseline. In particular, we regis-
tered an increment of +14% in terms of recall and +8% in terms of
F2-score for the simulation with apple images, and +23% recall and
+15% F2-score for the physical apples, compared to the self-reported
diagnosis of the users. In the real-world environment, hybrid DSSApple
was able to correct the wrongly assigned diagnoses by the user in more
than 36% of the test cases. Thus, we demonstrated that DSSApple is a
valid tool to support both expert and non-expert users in the diagnosis of
an apple infected by an unknown post-harvest disease. Furthermore, the
presented methodology progressed the current state-of-the-art by (i) in-
troducing an adaptive hybrid interface which leverages both images and
expert-based questions to support both expert and non-expert users and
to boost diagnostic accuracy, and (ii) presenting a BN-based reasoning
system which is able to deal with uncertainty in knowledge elicitation
and diagnosis computation. Finally, (iii) a practical algorithm able to
explain the suggested diagnosis in the light of the feedback provided,
was also introduced for the first time in such a context.

4.1. Future directions

Future directions of the presented work are manifold. For instance, a
major limitation of the current approach is represented by the fact that
the model has been built with the support of a single domain expert.
A natural extension would be to involve more experts in a further re-
finement of the knowledge base. Hence, BN parameters will be derived
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Fig. 10. Percentage of correct diagnoses made by the DSS or
the user, for the simulated (a) and the real-world challenge

(b).

Only DSS

(b) Real-world challenge

from a panel of experts and will thus be more robust due to consensus
among multiple experts [11]. More live experiments are also needed
to further validate the developed model in more realistic environments
(e.g., in packing-houses or in quality control). Another relevant issue of
such a knowledge-based system is the one of transferability [22], namely
how to effectively transfer the developed expert model to different envi-
ronments (e.g., users with different expertise levels in the field of phy-
topathology). We are currently investigating an approach founded on
the concept of likelihood evidence [26], to bridge the gap between the
expert model and the users’ perception in order to further improve the
diagnostic performance. Finally, another development under considera-
tion is to increase the reliability of the diagnosis by including additional
sources of information such as automated classification of microscopic
images of fungal growth.
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