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Abstract

COVID-19 raised the need for automatic medical diagnosis, to increase the physicians’ efficiency in

managing the pandemic. Among all the techniques for evaluating the status of the lungs of a patient

with COVID-19, lung ultrasound (LUS) offers several advantages: portability, cost-effectiveness,

safety. Several works approached the automatic detection of LUS imaging patterns related COVID-

19 by using deep neural networks (DNNs). However, the decision processes based on DNNs are not

fully explainable, which generally results in a lack of trust from physicians. This, in turn, slows down

the adoption of such systems. In this work, we use two previously built DNNs as feature extractors

at the frame level, and automatically synthesize, by means of an evolutionary algorithm, a decision

tree (DT) that aggregates in an interpretable way the predictions made by the DNNs, returning the

severity of the patients’ conditions according to a LUS score of prognostic value. Our results show

that our approach performs comparably or better than previously reported aggregation techniques

based on an empiric combination of frame-level predictions made by DNNs. Furthermore, when we

analyze the evolved DTs, we discover properties about the DNNs used as feature extractors. We

make our data publicly available for further development and reproducibility.
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1. Introduction

Since the outbreak of the coronavirus disease 2019 (COVID-19) pandemic, the use of lung ultra-

sound (LUS) has been globally and fastly spreading. Indeed, the main advantages of LUS (portabil-

ity, cost-effectiveness, real-time imaging, and safety) compared to other imaging technologies such

as, e.g., Computed Tomography (CT), allowed LUS to be widely adopted to evaluate the state of

lungs in patients affected by COVID-19 [1–9]. Moreover, LUS can be nowadays used for patients’

monitoring and for the triage of symptomatic patients [1]. In particular, LUS is often exploited

to detect COVID-19 associated interstitial pneumonia and follow its evolution [2, 10]. To perform

this task, different imaging protocols have been proposed together with semi-quantitative scoring

systems [11]. Indeed, even though quantitative approaches aiming at assessing the condition of lung

parenchyma with ultrasound are emerging [10, 12–16], these strategies are not available for emer-

gency contexts, due to their current preliminary state. Therefore, semi-quantitative scoring systems

based on specific LUS imaging patterns (e.g., vertical and horizontal artifacts, or consolidations)

have been extensively exploited during the pandemic [2].

Even though a LUS quantitative analysis cannot be performed with the currently available

technologies, the use of artificial intelligence (AI) for the classification of LUS frames according to

a semi-quantitative scoring system can be exploited to reduce subjectivity in the evaluation and to

reduce the time required to perform the analysis [17–20].

In the hereby study we exploit a standardized imaging protocol based on 14 scanning areas and

on a four-level scoring system, which allows the grading of the state of lungs [2]. A recent study

demonstrated how this standardized protocol and scoring system have a prognostic value when

evaluating the cumulative score (sum of scores obtained in the 14 scanning areas) at exam-level

[21]. We acquire 1808 LUS videos from 100 COVID-19 positive patients, which consist of 366,301

frames in total. These frames are then fed to two DNNs [17] that were previously trained to perform

automatic scoring and segmentation of LUS frames according to the above-mentioned four-level

scoring system [2]. We successively use the scores given as output by two DNNs (respectively for

segmentation and labeling) [17] to train and test a novel automatic approach, based on decision

trees (DTs) automatically synthesized by evolutionary computation, aiming at passing from frame-

based labeling to video-based labeling. Specifically, we compare the video-level scores given by

our automatic approach with scores given by expert clinicians. Indeed, to perform their evaluation,

clinicians associate a score to each video rather than to each frame. We then assess the performance
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of our aggregation approach (both at video-level and exam-level) by comparing the results obtained

by the proposed method with the empirical aggregation technique previously reported in [22], which

represents the current state-of-the-art. We hypothesize that, even though this existing technique

achieves good performance, the fact that its decisions are obtained by aggregating the outputs of

the DNNs by means of a simple threshold-based approach may be sub-optimal. To overcome this

limitation, we instead use a fully data-driven DT-based approach, that is in principle more flexible

and does not require empirical choices of thresholds. To summarize, the main contributions of this

work are the following:

1. we propose a neuro-symbolic approach to the automatic scoring of COVID-19 patients by

combining DNNs and interpretable DTs;

2. we compare single-objective and multi-objective evolutionary approaches to synthesize DTs

optimized w.r.t. three different metrics of interest;

3. we interpret the evolved DTs to understand their decision policies;

4. we obtain decision support systems that have both higher prognostic agreement and less

variance w.r.t. the approach previously proposed in the state-of-the-art work in the field [22].

The paper is organized as follows. Firstly, we present the dataset and the design of our study, as

well as the proposed method aiming at aggregating LUS frame-based predictions to obtain video-

level predictions (Section 2). Successively, the results are presented (Section 3), followed by a

detailed analysis of the evolved DTs (Section 4). Finally, the conclusions are derived and discussed

(Section 5).

2. Materials and methods

We use the two models from [17] as feature extractors, whose outputs are aggregated and given

in input to an evolved DT, which will then make a prediction of the score related to the video. A

block diagram of the process is shown in Figure 1.

2.1. Data

The investigated population consists of 100 patients diagnosed as COVID-19 positive by a reverse

transcription polymerase chain reaction (RT-PCR) swab test. Of the 100 patients, 63 (35 male,
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Figure 1: Block diagram of the prediction process.

28 female; ages ranging from 26 to 92 years, and average age equal to 63.72 years) were examined

within the Fondazione Policlinico San Matteo (Pavia, Italy), 19 (16 male, 3 female; ages ranging

from 34 to 84 years, and average age equal to 63.95 years) within the Lodi General Hospital (Lodi,

Italy), and 18 (8 male, 10 female; ages ranging from 23 to 95 years, and average age equal to

52.11 years) within the Fondazione Policlinico Universitario Agostino Gemelli (Rome, Italy). As

a subgroup of patients was examined multiple times, on different dates, a total of 133 LUS exams

were performed (94 at Pavia, 20 at Lodi, and 19 at Rome). A total of 1808 LUS videos were thus

acquired (1,290 at Pavia, 276 at Lodi, 242 at Rome), which consist of 366,301 frames (292,943 at

Pavia, 44,288 at Lodi, 29,070 at Rome).

The data from Pavia have been acquired using a convex probe with an Esaote MyLab Twice

scanner, and an Esaote MyLab 50, setting an imaging depth from 8 to 12 cm (depending on the

patient) and an imaging frequency from 5.0 to 6.6 MHz (depending on the scanner). The data

from Lodi have been acquired using a convex probe with an Esaote Mylab Sigma scanner, and

a MindRay TE7, setting an imaging depth from 8 to 12 cm (depending on the patient) and an

imaging frequency from 3.5 to 5.5 MHz. The data from Rome have been acquired using a convex

probe with an Esaote MyLab 50, an Esaote MyLab Alpha, and a Philips IU22, setting an imaging

depth from 8 to 12 cm (depending on the patient), and an imaging frequency from 3.5 to 6.6 MHz

(depending on the scanner).

This study was part of a protocol that has been registered (NCT04322487) and received ap-

proval from the Ethical Committee of the Fondazione Policlinico Universitario San Matteo (proto-

col 20200063198), of Milano area 1, the Azienda Socio-Sanitaria Territoriale Fatebenefratelli-Sacco
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(protocol N0031981), of the Fondazione Policlinico Universitario Agostino Gemelli, Istituto di Ri-

covero e Cura a Carattere Scientifico (protocol 0015884/20 ID 3117). All patients gave informed

consent.

The patients were examined by applying a standardized acquisition protocol based on 14 scan-

ning areas [2]. This protocol is based on a four-level scoring system consisting in assigning a score

that rages from 0 to 3, depending on the observed LUS patterns, with score 0 indicating a healthy

lung surface, and 1, 2, 3 an increasingly altered lung surface [2]. All the 1808 LUS videos were thus

scored by LUS medical experts (in this case, the authors T.P., F.T., and A.S.). Each expert labeled

the videos acquired by himself, i.e., T.P. labeled videos from Pavia, F.T. from Lodi, and A.S. from

Rome. The distribution of scores assigned at video-level by the experts is shown in Figure 2.

Figure 2: The distribution of scores assigned at video-level by the three clinical experts is shown. The percentage
of scores 0, 1, 2, and 3 is shown for each hospital (Pavia, Lodi, and Rome) and for the entire dataset (overall). The
total number of videos for each group is provided on top.

2.1.1. Inputs

All the 1808 videos are fed to the two DNNs presented by Roy et al. [17], i.e., a labeling DNN

derived from Spatial Transformer Networks and a segmentation DNN derived from U-Nets and

DeepLab v3+. The former provides as output a score for each input frame, whereas the latter

provided semantic segmentation and assigned one or multiple scores to each frame [17]. As the
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Figure 3: Examples of frames labeled as scores 0, 1, 2, and 3 are shown.

segmentation DNN can provide multiple scores for the same frame, we assign only the highest

score predicted by this DNN to each considered frame (i.e., the worst-case score). Moreover, it is

important to highlight how the segmentation DNN could provide no scores in output (if it does

not find any relevant LUS pattern). Therefore, an extra score indicating the absence of LUS

patterns (characteristic of the four scores) is considered when evaluating the output provided by

segmentation DNN (we called it score -1). These two DNNs have been previously trained with the

dataset presented by Roy et al. [17], which does not depend on the dataset exploited in the hereby
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Figure 4: The distribution of scores assigned at frame-level by the labeling and segmentation DNNs presented in
[17]), exploited in this work, is shown. The percentage of scores 0, 1, 2, and 3 is shown for each hospital (Pavia,
Lodi, and Rome) and for the entire dataset (overall). The frame-level scores given by each architecture are shown
separately. As the segmentation DNN can provide multiple scores for the same frame, we scored each frame with the
worst-case (i.e., maximum) score predicted by the segmentation DNN . As the segmentation DNN could provide no
output (if it does not find any relevant LUS pattern), an extra distribution represented as score -1 is observable in
the left bars. The total number of frames for each group is provided on top.

work. Figure 3 shows examples of frames labeled as scores 0, 1, 2, and 3. Figure 4 shows the

distribution of scores assigned at frame-level by the exploited two DNNs. Considering the entire

dataset (see the overall distribution, Figure 4, right), there is a high percentage of score 0 and 2 for

both labeling and segmentation DNNs, whereas score 1 is less frequently given as output. It is also

observable how the percentage of score 3 is significantly higher when looking at the segmentation

DNN.

2.1.2. Targets

Given the frame-level labeling provided by the two DNNs, our target consists in finding an

aggregation technique that allows us to pass from a frame-level score to a video-level score, which is

the output needed by physicians to perform their clinical evaluation. Therefore, the goal of the pro-

posed technique is to optimize three metrics of interest that compare the video-level scores obtained

by our algorithm and the ones assigned by clinical experts (see Figure 2). These three metrics are:

the video-level agreement, the exam-level agreement, and the prognostic-level agreement [22].
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The video-level agreement consists of the percentage of videos that are correctly classified by

the algorithm (i.e., the score assigned by the expert coincides with the score assigned by algorithm)

[22]. We also evaluate the video-level agreement when allowing a disagreement up to 1 point (e.g.,

if the algorithm classified a video as score 2 and the expert as score 1 or 3, the evaluation is correct)

[22]. To distinguish these two video-level agreements, we denote the agreement characterized by

exact match between video-level scores as video-level agreement with threshold (Th) equal to 0,

whereas we refer to the video-level agreement allowing a disagreement up to 1 point as video-level

agreement with Th equal to 1.

The exam-level agreement is instead computed by considering the cumulative score obtained

by summing the video-level scores assigned to each of the 14 scanning areas [2, 22]. Specifically,

we compute the exam-level agreement as the percentage of LUS exams (133 in total) having a

cumulative score (ranging from 0 to 3 × 14 = 42) allowing a disagreement between algorithm and

clinical experts of up to 2, 5, and 10 points (i.e., Th equal to 2, 5, and 10, respectively) [22]. To

support the stratification between patients at high risk of clinical worsening and patients at low

risk, we need to consider the prognostic value of the aforementioned protocol [2], which has been

recently proven in a single-center study on 52 patients [21]. In particular, the patient is at low risk

of clinical worsening when the exam-based cumulative score is less than or equal to 24, whereas the

patient is at high risk of worsening when the exam-based cumulative score is greater than 24 [21].

We thus evaluate the algorithm capability of automatically stratifying these two categories

of patients by measuring the prognostic-level agreement [22]. Specifically, clinical experts and

algorithm are considered in prognostic agreement when both cumulative scores are less than or

equal to 24 (low risk) or greater than 24 (high risk) (Th equal to 24) [22].

As we will show in detail in Section 2.3.1, it should be noted that we use a proxy for the first two

metrics, i.e., the Mean Square Error (MSE), which gives us an advantage over optimizing directly

the agreement. In fact, in [22] the authors use several tolerances for the video-level and exam-level

agreement: this implies that in practical scenarios one should either use n objectives for each metric,

where n is the number of tolerances (e.g., maximize the exam-level agreement with tolerances 2, 5,

and 10); or, one should choose one tolerance among all the tolerances, which may lead to DTs that

perform well only for that particular tolerance. Instead, using the MSE as we do here allows us to

maximize simultaneously the agreement for all the tolerances.
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2.1.3. Splitting of the data

We split the data randomly in 5 folds. To prevent data leakage, we make sure that all the data

belonging to a patient are assigned to the same fold. Moreover, we use 4 folds for the training phase

(i.e., to compute the fitness of the individuals) and the remaining one to assess the generalization

capabilities of the best evolved DTs (i.e., as test set).

2.2. Feature extraction and aggregation of the outputs

The DT (as shown in Figure 1) expects as input video-level features. Instead, the two DNNs’

input consists in single frames of each video. To convert the features from frame-level to video-level,

we aggregate the outputs of each DNN. For the labeling DNN, we simply use as features the relative

frequency of the prediction of each class (i.e., the argmax of the output vector of each frame). For

the segmentation DNN, instead, we aggregate the features by computing the relative frequency of

the worst-case (i.e., maximum) predicted classes inside each frame. This distinction between the

two DNNs is needed since the segmentation DNN does not produce a single prediction but, instead,

it produces a mask for the frame taken in input. Moreover, we add to the feature vector also the

minimum and the maximum prediction made by the two DNNs.

The resulting feature vector is thus composed by 12 features: l0, l1, l2, l3, lmin, lmax, s0, s1,

s2, s3, smin, smax where: li, i = 0, 1, 2, 3, represents the relative frequency of the prediction of the

class i made by the labeling DNN; lmin and lmax represent the minimum and the maximum gravity

level predicted by the labeling DNN; si, i = 0, 1, 2, 3, represents the number of cases in which the

class i corresponds to the worst-case in the predictions made by the segmentation DNN; smin and

smax represent the minimum and the maximum gravity level predicted by the segmentation DNN.

Note that, while lmin and lmax range in [0, 3], the segmentation DNN can also detect the absence

of LUS patterns (i.e. the pixel is assigned a score of -1). For this reason, smin and smax range in

[−1, 3].

2.3. Evolutionary settings

We use Grammatical Evolution (GE) [23] to evolve programs that resemble DTs (i.e., they are

based on an if-then-else structure). GE is an evolutionary algorithm that allows the evolution of

grammars, encoded in the Backus-Naur form. It makes use of a genotype, which consists in a list

of integers (called codons). When the genotype has to be evaluated, it makes use of a translator,
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which allows to convert the grammar to the corresponding phenotype. The grammar we employ is

shown in Table 1.

We consider two GE settings, namely: 1) a single-objective one, in which we optimize either

the video-level MSE, the exam-level MSE, or the prognostic-level agreement (see Section 2.3.1 for

details on the three metrics); and 2) a multi-objective one, in which we optimize simultaneously all

the three objectives stated previously.

The pseudo-code of the algorithm is shown in Algorithm 1. The algorithm consists in an

initialization step (Line 1) followed by an evolutionary loop (Lines 4 - 10). The evolutionary loop

starts with the evaluation of the population (Line 4), followed by the replacement of the individuals

in the population (Line 5). Then, we performs the usual evolutionary steps, i.e., selection (Line 6),

crossover (Line 7), and mutation (Line 8).

We should note that the GE algorithm we use here has some differences with respect to the

original one described in [23]. First of all, we do not make use of a variable-length genotype but,

instead, we fix its length (as shown in Table 2). Fixing the length of the genotype to small values

constrain the resulting DTs to be small and, thus, more interpretable than the ones we can obtain

by having longer genotypes. Moreover, instead of using the genetic operators described in [23], we

use traditional operators for genetic algorithms. The reason underlying this choice is due to the

fact that, from preliminary experiments, the original operators seem to achieve worse performance

Algorithm 1: Evolutionary process for the optimization of DTs
Input: sp: the size of the population
Input: g: the number of generations
Result: pop: The final population

1 pop← create_population(sp);
2 old_pop← [];
3 for i = 0; i < g; i++ do
4 fitnesses← evaluate(pop);
5 pop← replacement(pop, old_pop, fitnesses);
6 parents← select(pop, fitnesses);
7 offspring ← crossover(parents);
8 offspring ← mutation(offspring);
9 old_pop← pop;

10 pop← offspring;
11 end
12 return pop;
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than traditional genetic operators. For this reason, we employ standard operators, described below.

We make use of the replacement operator (Line 5) described in [24], which replaces a parent

from the population only if there is an offspring that outperforms it. In case there are two offspring

whose performance are better than only one of the two parents, then the best offspring replaces the

worst parent.

Moreover, we use of two different parent-selection operators (for Line 6), depending on whether

we are working in the single-objective or multi-objective setting. In the single-objective setting,

we use the “best-wise” selection operator, i.e., a selection operator that reorders the population by

descending fitness such that, when performing crossover, the (2i)-th best mates with the (2i+1)-th

best. Conversely, in the multi-objective setting, the selection operator we use is the NSGA-II [25]

operator, which proved to work very well for multi-objective problems1.

The crossover operator (Line 7), instead, is the one-point crossover, which produces two off-

spring from two parents by splitting their genotypes in a randomly chosen point and mixing the

corresponding sub-strings obtained from the two parents.

While mutating a solution (Line 8), we employ a uniform mutation, which mutates each codon

of the genotype according to a given probability pcodon. Its new value is sampled randomly from

the possible values.

The parameters we use are presented in Table 2. The parameters shown in the table were

obtained by manual tuning.

2.3.1. Fitness evaluation

The fitness evaluation phase works as follows. For each training fold, we feed the features of each

video to the DT and record its predictions. Then, we compute the following metrics of interest:

1. Video-level MSE (to be minimized):

1

Nvideos

Nvideos∑
i=1

(yvi − ŷvi )2; (1)

1Since the most “important” metric is the prognostic-level agreement, an attentive reader may point out that using
Pareto optimization may not be the ideal choice in this case. However, we cannot use a lexicographic selection, since
this would require specifying a preference also between the exam- and the video- level MSE while, in this case, we
do not have a clear preference. Moreover, using a weighted sum of the three objectives is also not feasible, since this
would require assigning a specific weight to each of the three objectives. For these reasons, we optimize the objectives
using Pareto optimization and, then, we select the best solution according to the prognostic-level agreement.

11



Rule Production
dt 〈if〉
if if 〈condition〉 then 〈output〉 else 〈output〉

condition 〈var〉〈op〉〈const〉 | 〈var〉〈op〉〈var〉
var {inputi}; i ∈ [0, 12[
op < | > | ==

output 0 | 1 | 2 | 3 | 〈if〉
const [0, 1] with step 10−2

Table 1: Grammar used to evolve the DTs. The symbol “ |" denotes the possibility to choose between different
symbols. When using the grammar to translate a genotype into a phenotype, the rules are expanded in one of the
possible choices listed in their production, depending on the value of the genotype.

Parameter Value
Pop size 1000

Generations 1000
Genotype length 50

Crossover probability 0.8
Mutation probability 1

Crossover One-point
Mutation Uniform with pcodon = 0.05
Selection Best

Table 2: Parameters used for the Grammatical Evolution algorithm.

2. Exam-level MSE (to be minimized):

1

Nexams

Nexams∑
j=1

(yej − ŷej )2; (2)

3. Prognostic-level agreement (to be maximized):

1

Nexams

Nexams∑
j=1

I(ypj = ŷpj )
2; (3)

where: yvi is the ground truth for the video i; yej =
14∑
i=1

yvj,i is the ground truth for exam j, i.e., the

sum of the scores of each video of the exam; ypj = I(yej > 24) is the ground truth for the prognosis

j; I is the indicator function, i.e., it outputs 1 if the argument is true, otherwise 0. The notation

ŷab refers to the output of the DT given the output b in setting a, i.e., it is the approximation made

by the DT of the variable yab .

The pseudo-code for the fitness evaluation function (in the most general case, i.e., multi-

objective) is shown in Algorithm 2. In the pseudo-code, a lowercase bold variable represents a
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vector, while an uppercase bold variable represents a matrix. Otherwise the variable is assumed to

be scalar.

The reason underlying the optimization of different metrics is the following. Our overall goal is

to maximize the agreement for all the three metrics, as done in [22]. However, as we discussed earlier

optimizing the video- and exam-level agreement requires also a specification of the tolerances to use

for the computation of the agreement (e.g., in [22], the authors compute the exam-level agreement

with a tolerance of 2, 5, and 10 points). Instead, by optimizing the MSE for these two metrics

(Lines 6-7 of Algorithm 2) allows us to evolve DTs that minimize the distance of the predictions

from the ground truth, no matter the threshold. Finally, for the prognostic-level agreement, we

cannot use the MSE because this variable is not a score but, instead, it is a binary variable. So, in

this case, using the MSE does not give any advantage over directly optimizing the agreement (Line

8).

Then, for each metric, we use as fitness the worst value obtained on the 4 folds used for training

(Lines 11-13).

While the single-objective fitness corresponds to a scalar value that consists in the value of a

single metric, in the multi-objective setting it is composed of a list of three values, i.e., the the

video-level MSE, the exam-level MSE, and the prognostic-level agreement.

3. Results

We perform 10 independent runs for the proposed method in each of the four settings: single-

objective, video-level MSE; single-objective, exam-level MSE; single-objective, prognostic-level agree-

ment; multi-objective. For each run, we test (on the test fold) only the best evolved DT, i.e., for

the single-objective runs it is the individual with the best fitness, while for the multi-objective runs

it is the one with the maximum prognostic-level agreement (i.e., the most important metric).

Tables 3, 5, 7 show the descriptive statistics computed on the agreement (%) (with the physicians

opinion) computed across all the 5 folds. Bold values represent the best score across all the methods.

We compute the statistics on all the 5 folds for the following reason. Since this work is meant to work

in a medical scenario, we are not really interested in knowing the training and the test agreements

as such. Instead, we are interested in knowing the worst-case scenario and, to compute it, we need

to compute the statistic on all the 5 folds. Note that, for each fold, we compute the three agreement

scores on that fold and then we use these scores to compute the statistics across folds. In the tables,
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Algorithm 2: Fitness evaluation function (multi-objective case)
Input: T : the DT to evaluate
Input: X1,X2,X3,X4: input features of each fold
Input: v1,v2,v3,v4: video-level ground truth
Input: e1, e2, e3, e4: exam-level ground truth
Input: p1,p2,p3,p4: prognostic-level ground truth
Result: f : a list of fitnesses

1 num_folds← 4 // Number of folds used for the training
2 ev ← [];
3 ee ← [];
4 ap ← [];
// Iterate over the folds

5 for (i = 0; i < num_folds; i++) do
// For each fold, compute the metrics and concatenate

6 ev ← concatenate(ev, [video_mse(T,Xi,vi)]) // Eq. 1
7 ee ← concatenate(ee, [exam_mse(T,Xi, ei)]) // Eq. 2
8 ap ← concatenate(ap, [prognostic_agreement(T,Xi,pi)]) // Eq. 3
9 end
// Assign the worst-case to each metric

10 f ← [];
11 f [0]← max(ev);
12 f [1]← max(ee);
13 f [2]← min(ap);
14 return f ;

“Video”, “Exam”, “Prognostic” and “3 objectives” refer to, respectively, our method evolved on video,

exam, prognostic and three objectives. In the same tables, we also report the state-of-the-art results

presented in [22] , listed as “JASA L” and “JASA L+S”, which refer to, respectively, the approach

using only the labeling DNN, and the one using both the labeling and the segmentation DNNs.

Note that we do not use the results shown in [22] but rather we evaluate them on the same folds

used for the DTs, to guarantee a uniform evaluation of all the methods.

Finally, it should be considered that even if we use MSE as the metric for the first two objectives,

we are still interested in evaluating the agreement with the physicians. For this reason, we do not

show the MSE in the tables, but the agreement at video- and exam-level. This allows us also to

use the same thresholds as in [22], keeping a consistency on the method used for evaluating such

models.

Analyzing the results obtained in the single-objective setting, we observe that, for each metric,

the model that achieves the maximum performance (especially for higher thresholds) is the one
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that has been specifically evolved for that metric. On the other hand, we observe that the model

evolved on three objectives in some cases has a smaller minimum/mean agreement than that of the

model specifically evolved on each metric. However, it is never smaller than the minimum/mean

agreement of the other two models evolved on the other metrics. This suggests that the model

evolved by means of multi-objective optimization has a good trade-off between the three objectives.

Surprisingly, we observe that in some cases the performance of the DTs evolved in the multi-

objective setting (i.e., the ones evolved on the three objectives simultaneously) exceeds even the

performance of the best DTs found in the single-objective setting. This suggests that optimizing

for all the metrics simultaneously can keep a “consistency” between the different metrics and allows

the DT to learn better strategies for classifying the samples. In fact, we find that the DTs evolved

on single objectives do not generalize well to the other objectives. Instead, the DT evolved in the

multi-objective setting is able to keep a good trade-off between the objectives.

In Tables 4, 6 and 8 show the results of a statistical comparison performed with a Welch T-test

with confidence level α = 0.05. The “+”, “=”, and “-” in the tables indicate respectively statistically

better, equal or worse performance of the method on the row w.r.t. the method on the column.

We observe that we can reject the null hypotheses (i.e., that the samples come from the same

distribution) in just a few cases, namely:

• the DT evolved on the video-level MSE outperforms all the other approaches in the setting

with threshold 1;

• the DT evolved with the multi-objective approach outperforms the other approaches in three

cases.

In all the other case, the methods result statistically equivalent. However, we should note that

this lack of statistical significance is likely due to the small number of folds (i.e., samples for the

T-test), even though this has been manually tuned to balance fold size (to reduce overfitting and

assess better the generalization capabilities) and number of folds.

Finally, compared with the two methods described in [22] , we observe that while the DTs

evolved in the multi-objective setting have a comparable (usually better) minimum agreement than

that of JASA L and JASA L+S, they perform substantially better when considering the mean

agreement computed on the folds. Also in this case, due to the small number of folds, we can

statistically confirm only the increase in performance w.r.t. JASA L+S in the exam-level mean
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agreement when using a threshold of 10.

Table 3: Descriptive statistics of the video-level agreement on all the folds. “Th” stands for the video-level threshold
(i.e., the tolerance) used for the evaluation of the results.

Method Th Min Mean Std Med Max

JASA L 0 44.70 50.40 4.28 50.68 57.38
1 82.74 85.87 2.49 85.91 89.76

JASA L+S 0 42.35 50.10 5.48 51.43 56.67
1 82.74 85.87 2.43 85.36 89.29

Video 0 42.75 46.08 2.41 46.07 49.88
1 88.63 92.40 2.14 93.41 94.52

Exam 0 42.35 47.82 4.74 46.14 54.29
1 80.78 84.42 3.00 85.91 87.86

Prognostic 0 41.18 48.21 4.46 50.68 52.62
1 79.61 83.71 2.79 85.48 86.43

3 objectives 0 45.88 49.48 2.24 49.77 52.86
1 85.47 88.31 2.29 87.84 92.14

Table 4: Statistical comparison of the different approaches on the video-level agreement. “+” means “statistically
better”, “=” means “statistically equivalent”, and “-” means “statistically worse” (Welch T-test, α = 0.05).

Method Th

JA
SA

L

JA
SA

L+
S

V
ideo

E
xam

P
rognostic

3
objectives

JASA L 0 = = = = = =
1 = = - = = =

JASA L+S 0 = = = = = =
1 = = - = = =

Video 0 = = = = = -
1 + + = + + +

Exam 0 = = = = = =
1 = = - = = =

Prognostic 0 = = = = = =
1 = = - = = -

3 objectives 0 = = + = = =
1 = = - = + =

4. Analysis of the decision trees

In this section, we show the best evolved DTs in each setting and interpret them to understand

the relationships they captured on the predictions made by the DNNs. We consider as “best DT” the
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Table 5: Descriptive statistics of the exam-level agreement on all the folds. “Th” stands for the exam-level threshold
(i.e., the tolerance) used for the evaluation of the results.

Method Th Min Mean Std Med Max

JASA L
2 21.05 32.30 6.75 32.26 41.94
5 45.00 56.95 9.43 57.90 70.97
10 80.00 89.44 6.44 89.47 100.00

JASA L+S
2 21.05 30.97 7.58 35.00 38.71
5 45.16 59.44 13.23 52.63 80.64
10 80.00 84.58 6.27 81.25 96.77

Video
2 21.05 29.65 8.41 25.81 45.16
5 40.00 57.75 12.14 63.16 70.97
10 80.00 85.85 4.47 84.38 93.55

Exam
2 25.00 31.90 7.89 29.03 46.88
5 61.29 64.27 3.28 63.16 70.00
10 73.68 88.01 7.62 90.32 95.00

Prognostic
2 26.32 30.38 3.77 29.03 37.50
5 45.00 58.50 8.81 59.38 67.74
10 78.95 87.06 4.96 87.50 93.55

3 objectives
2 21.05 36.36 9.68 38.71 46.88
5 45.00 63.98 11.35 62.50 77.42
10 85.00 91.51 5.34 90.32 100.00

trees that satisfy the following properties (over the best solutions obtained in the 10 runs). For the

setup considering only the video-level MSE, the best tree is the one that obtains the smallest MSE.

When we only consider exam-level MSE, the best tree is the tree that achieves the smallest exam-

level MSE. When we consider only the prognostic-level agreement, the best tree is the one with the

highest prognostic-level agreement. Finally, when we consider all the objectives simultaneously, the

best tree is the one that achieves the best prognostic-level agreement. In this case, if there are ties

between two solutions, we choose the one that has the best trade-off between video- and exam- level

MSE. In all the cases, the conditions of the DT are numbered as when doing a pre-order traversal

of the DT.

4.1. Decision tree evolved on the video-level MSE

Figure 5 shows the best DT obtained in this setting. While this DT performs worse than JASA

L and JASA L+S when no tolerance is given to the prediction, it outperforms them significantly

when a threshold of 1 is allowed. For this reason, we will interpret it considering that each prediction

ŷ must be considered as a value ranging in [ŷ − 1, ŷ + 1] (constraining the values in [0, 3]).

This DT checks very few things about the predictions made by the two DNNs. In fact, in the first
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Table 6: Statistical comparison of the different approaches on the exam-level agreement. “+” means “statistically
better”, “=” means “statistically equivalent”, and “-” means “statistically worse” (Welch T-test, α = 0.05).

Method Th

JA
SA

L

JA
SA

L+
S

V
ideo

E
xam

P
rognostic

3
objectives

JASA L
2 = = = = = =
5 = = = = = =
10 = = = = = =

JASA L+S
2 = = = = = =
5 = = = = = =
10 = = = = = -

Video
2 = = = = = =
5 = = = = = =
10 = = = = = =

Exam
2 = = = = = =
5 = = = = = =
10 = = = = = =

Prognostic
2 = = = = = =
5 = = = = = =
10 = = = = = =

3 objectives
2 = = = = = =
5 = = = = = =
10 = + = = = =

Table 7: Descriptive statistics of the prognostic-level agreement on all the folds. “Th” stands for the (prognostic)
threshold used for the evaluation of the results.

Method Th Min Mean Std Med Max
JASA L 24 63.13 78.12 7.96 80.64 85.00
JASA L+S 24 57.90 76.78 12.01 83.87 90.00
Video 24 57.89 79.63 11.68 85.00 90.32
Exam 24 61.29 76.25 12.76 77.42 95.00
Prognostic 24 73.68 81.89 5.27 81.25 90.00
3 objectives 24 68.42 82.11 7.51 84.38 90.00

split (lmax > smax) it captures a very simple pattern: when the maximum class of risk predicted

by the labeling DNN is greater than the maximum risk class predicted by the segmentation DNN,

then it assigns the video a risk varying in [0, 2], i.e., it excludes the class 3. On the other hand,

when the root condition is false, it checks whether the fraction of frames classified as maximum risk

(by the labeling DNN) is bigger than the fraction of predictions made by the segmentation DNN in
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Table 8: Statistical comparison of the different approaches on the prognostic-level agreement. “+” means “statistically
better”, “=” means “statistically equivalent”, and “-” means “statistically worse” (Welch T-test, α = 0.05).

Method Th

JA
SA

L

JA
SA

L+
S

V
ideo

E
xam

P
rognostic

3
objectives

L 24 = = = = = =
L+S 24 = = = = = =
Video 24 = = = = = =
Exam 24 = = = = = =
Prognostic 24 = = = = = =
3 objectives 24 = = = = = =

which the highest score is 2 (s2 < l3). If so, it assigns the video a score varying in [2, 3], i.e., high

risk. Basically, this condition checks whether the video refers to a high-risk patient. In fact, the

condition can be interpreted as:

If the ratio of samples classified as maximum risk by the labeling DNN is bigger than

the ratio of samples classified as risk 2 by the segmentation DNN, then give the priority

to the labeling DNN and assign the maximum score to the video.

To confirm this hypothesis, in Figure 6c we plot the histogram of the number of videos assigned to

each class that fall in the case explained above (note that in the other sub-figures of Figure 6 we do

the same for all the other conditions in the DT). We observe that the number of videos belonging

to class 3 is significantly higher w.r.t. the other classes. Finally, in the third condition (l2 < 0.15)

the DT makes an extremely simple check:

If the ratio of frame labeled with class 2 is low (i.e., under a threshold of 0.15), then

probably the number of frames assigned to class 3 will be even lower, so assign a score

ranging in [0, 2] to the video. Otherwise, there is a high chance that the severity score

is higher than 0, so assign a score ranging in [1, 3] to the video.

From this DT, we infer that the labeling DNN may be “biased” towards high scores. The DT is

then evolved to make use of the output of the segmentation DNN in order to reduce this bias.
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Figure 5: Best DT evolved on the video-level MSE.

4.2. Decision tree evolved on the exam-level MSE

This DT (shown in Figure 7) achieves a better worst-case agreement with low thresholds (2 and

5). However, in this case (and the following ones), we cannot use the threshold as a tolerance value

to be used on the output value of the DT. This is due to the fact that, in this case, the DT outputs

the gravity for each video, but the tolerance is expressed at the exam level.

The first condition of this DT (l0 < 0.72) checks that the severity of the patient is high, by

ensuring that the fraction of frames labeled as minimum risk is lower than an evolved threshold. If

so, it then assesses the severity of the conditions by using the segmentation DNN, checking if the

fraction of frames that are classified as maximum risk is more than the half (s3 > 0.51). If so, it

assigns the maximum risk to the video.

If the first condition is false, then the DT performs additional checks. In fact, the right part of

the DT is basically a decision list, i.e., an extremely unbalanced DT, which isolates one particular

case at each split. While the first condition on the right (s2 > lmax) may make no sense at a first

sight, it is a simple trick that the DT uses to perform an and between two conditions. In fact, we
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(a) Class histogram for the left branch of the first
condition.
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(b) Class histogram for the right branch of the first
condition.
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(c) Class histogram for the left branch of the second
condition.
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(d) Class histogram for the right branch of the second
condition.
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(e) Class histogram for the left branch of the third
condition.
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(f) Class histogram for the right branch of the third
condition.

Figure 6: Class histograms for each of the branches of the DT shown in Figure 5. Note that the nodes are counted
as in a pre-order traversal of the DT.

know that s2 ∈ [0, 1] and lmax ∈ {0, 1, 2, 3}. This means that the condition s2 > lmax evaluates to

true only in case s2 > 0 and lmax = 0.

The second case isolated by the decision list checks for a particular case (s1 = l3). By analyzing

the training set, we observe that this case only happens when s1 = l3 = 0. Moreover, in these
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cases s1 and l3 are the only variables that are always equal to zero. While this may seem a remote

possibility, we found that this condition (conjoined with the conditions that are evaluated before

it) evaluates to true for about a quarter of the samples in the training set. Hence, this condition

exploits a bias of the two DNNs to detect cases in which the severity is likely to be low (45% of the

cases with score 0, 31% of the cases with score 1, 17% with score 2, 7% with score 3).

The third condition on the right branch (smin = 0) checks whether the patient has at least one

frame with minimum risk (i.e., 0, opposed to a case in which no damaged tissue is detected, i.e.,

-1) by checking the outputs of the segmentation DNN. If so, it assigns the class 2 to the video.

Finally, the last condition (s0 > 0.37) checks the number of frames with minimum risk (detected

by the segmentation model): if they consist of more than the 37% of the frames in the video, the

risk assigned to the video is very high (3), otherwise it is assigned a lower score (1).

It is important to note that the video-level predictions performed by this model aim to reduce

the worst-case exam-level MSE w.r.t. the physicians’ judgment.

Also in this case, for the sake of completeness we report in Figure 8 the distribution of classes

for each condition in the DT.

4.3. Decision tree evolved on the prognostic-level agreement

This DT (shown in Figure 9) achieves the best worst-case prognostic-level agreement among all

the best evolved DTs (in this case, evolved with the single threshold value, 24).

In the root condition (l3 < s1), this DT checks whether the confidence given to class 3 from

the labeling DNN is smaller than the confidence given to class 1 by the segmentation DNN. This,

intuitively, tries to filter out the cases where the probability of having the maximum risk is high.

In fact, as shown in Figure 10a, the ratio of samples belonging to class 3 is not so high in this case

(12.5%), see the other sub-figures in Figure 10 for the distributions of classes corresponding to the

other conditions in the DT.

The second condition (i.e., the left branch of the root, l0 > 0.75) naturally follows the first one:

given that, as shown in Figure 10a, the distribution of the classes is skewed towards class 2, is there

a way to filter out the samples belonging to class 2? While this condition does not filter perfectly

the samples belonging to class 2, it is able to filter 67.9% of them (as shown in Figures 10c and

10d).

The third condition (lmax = lmin) seeks for cases in which the maximum class and the minimum

class predicted by the labeling DNN are equal. Of course, this condition is way more likely to happen
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Figure 7: Best DT evolved on the exam-level MSE.

in low-risk frames, as confirmed by Figure 10e. However, as we can see from Figure 10f, not all the

samples with low risk are filtered out by this condition.

For this reason, the purpose of the fourth condition (s3 < s0) is to separate the low-risk cases

from the higher-risk ones. In fact, what it does is simply checking the predictions made by the

segmentation DNN: if the ratio of samples assigned to class 0 is higher than the ratio of samples

assigned to class 3, then it predicts 0, otherwise 2.

Note that this DT has been optimized to maximize the prognostic-level agreement. This explains

why, in some cases, the outputs are not coherent with what a human expects when trying to predict

the label for each video. In fact, we hypothesize that these counter-intuitive tests aim to soften the

23



0 1 2 3
Physician's judgement

0

100

200

300
Nu

m
be

r o
f s

am
pl

es

(a) Class histogram for the left branch
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(b) Class histogram for the right branch
of the first condition.
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(c) Class histogram for the left branch
of the second condition.
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(d) Class histogram for the right branch
of the second condition.
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(e) Class histogram for the left branch
of the third condition.
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(f) Class histogram for the right branch
of the third condition.
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(g) Class histogram for the left branch
of the fourth condition.
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(h) Class histogram for the right branch
of the fourth condition.
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(i) Class histogram for the left branch
of the fifth condition.
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(j) Class histogram for the right branch
of the fifth condition.
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(k) Class histogram for the left branch
of the sixth condition.
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(l) Class histogram for the right branch
of the sixth condition.

Figure 8: Class histograms for each of the branches of the DT shown in Figure 7. Note that the nodes are counted
as in a pre-order traversal of the DT.

contributions of each video to the prognostic score. This can be seen in the fact that predictions for

the class 3 never appear in this DT, and also that the predictions for class 1 are not frequent (even
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when they would minimize the video-level MSE, which is not taken into account when optimizing

this DT).
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Figure 9: Best DT evolved on the prognostic-level agreement.

4.4. Decision tree evolved on three objectives

This DT (shown in Figure 11) has comparable, but often better, performance with respect to all

the other DTs evolved in the other settings. One interesting feature of this DT is that it uses the

labeling DNN to make coarse-grained decisions, that are then refined by using the segmentation

DNN.

In the first condition (l3 > l0), this DT simply checks the outputs coming from the labeling

DNN to address the gravity of the conditions. Surprisingly, only checking if the ratio of samples

assigned to risk 3 is higher than the ratio of samples assigned to risk 0 is enough to discriminate

very well the high-risk cases, as shown in Figure 12a (see the other sub-figures in Figure 12 for the

distributions of classes corresponding to the other conditions in the DT).

In the second condition (l2 > 0.07), the DT checks the ratio of labels assigned to class 2 by the

labeling DNN. If they are more than 7%, then it makes a simple refinement using the segmentation

DNN: if the segmentation DNN classifies all the samples as class 3 (s3 = 1), then it assigns the

video the maximum score, otherwise it assigns the video a score of 2.
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If the second condition evaluates to false, then the DT checks whether lmax < 0.97. Since

lmax is an integer, this corresponds to checking whether lmax = 0. If so, again, the DT makes

use of the segmentation DNN to refine the decision: if the ratio of samples assigned to class 3 by

the segmentation DNN is more than the 60% (s3 > 0.60), then it assigns the video a score of 2.

Otherwise, the gravity of the condition is not high enough, so it assigns a score 0 to the video. This

condition handles a bias of the labeling DNN, that happens when this DNN classifies all the frames

with a severity of 0, but, instead, their actual score is very different from 0.

Finally, if lmax > 0.97, it uses a similar check (s3 > 0.59) to assign the samples either to class

0 or 1. Surprisingly, when s3 is greater than 59%, the DT assigns the sample to class 0 while,

as we can see from Figure 12k, assigning it a value equal to 1 would reduce the video-level MSE.

However, this reasoning applies to the video-level predictions, but it may affect negatively the other

two metrics. On the other hand, when s3 ≤ 0.59, we observe that the probability for class 3 is quite

low, so the DT classifies the sample as belonging to class 1, probably to minimize the video-level

MSE.

5. Conclusions

The use of LUS techniques to monitor the state of the lungs in COVID-19 patients is spreading,

due to its numerous advantages compared to other techniques. Moreover, with COVID-19, the need

for an automatic diagnosis emerged. For this purpose, several approaches have been proposed to

perform automatic COVID-19 patients’ evaluation from LUS images [17–20]. A previous approach

[22]proposed a combination of two DNNs to increase the overall performance. This approach used

an empiric threshold-based approach that, while performing well, did not give any insight on the

biases of the DNNs used as input.

In recent years, a new need has emerged at the intersection between AI and healthcare: the need

for interpretability [26]. In fact, especially in this domain, the users (in this case, the physicians)

usually do not trust decisions suggested by a black box model (such as one base on DDNs). Instead,

they want to be able to understand each decision made by the model, to ensure its correctness.

Interpretable AI allows to have data-driven models that are inherently understandable and “simu-

latable” by humans, thus ensuring that a physician can actually understand the decisions made by

the model.

In this work, we use two previously proposed DNNs as feature extractors, and then we use
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a DT for combining the two predictions. We use both single- and multi-objective evolutionary

optimization to evolve the DT that takes in input the predictions made by the two DNNs aggregated

at the video-level (i.e., a collection of frames). When evaluating our approach on three different

levels of agreement with the physicians’ judgment, we find that the multi-objective optimization

approach leads to DTs that, in general, perform in most cases comparably or better than the

DTs evolved on single objectives. Moreover, our approach appears to perform better (in terms of

descriptive statistics) than the approach presented in [22], even though, due to the small number of

samples used for the comparison, we were able to quantify the statistical significance of the results

only in a small number of cases.

This aspect, i.e., the fact that the limited number of samples, in some cases, does not allow a sta-

tistically significant comparison w.r.t. the baseline algorithm from [22], represents one of the main

limitations of the current work. Another limitation of this study is that the DTs use orthogonal

conditions (i.e., they compare a variable with a constant), or conditions that compare one variable

to another variable. Since there are more expressive types of conditions (e.g., oblique conditions),

better results may be achievable through the use of different types of conditions. Moreover, consid-

ering more complex conditions to describe the relationship between more than two variables may

lead to better insights about the biases of the DNNs.

In the light of these limitations, future research directions will be aimed at collecting more data,

in order to increase the size of the dataset, and evolving DTs by using different types of conditions,

including oblique ones.

Finally, we highlight that we make our data publicly available for further development and

reproducibility2. Moreover, in a separate repository3 we release the scripts used to produce the

results shown in this paper.
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Figure 10: Class histograms for each of the branches of the DT shown in Figure 9. Note that the nodes are counted
as in a pre-order traversal of the DT.
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Figure 11: Best DT evolved on the three objectives.
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(i) Class histogram for the left branch
of the fifth condition.
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(k) Class histogram for the left branch
of the sixth condition.
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(l) Class histogram for the right branch
of the sixth condition.

Figure 12: Class histograms for each of the branches of the DT shown in Figure 11. Note that the nodes are counted
as in a pre-order traversal of the DT.
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