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A B S T R A C T   

Background: Even though antibiotics agents are widely used, pneumonia is still one of the most common causes of 
death around the world. Some severe, fast-spreading pneumonia can even cause huge influence on global 
economy and life security. In order to give optimal medication regimens and prevent infectious pneumonia’s 
spreading, recognition of pathogens is important. 
Method: In this single-institution retrospective study, 2,353 patients with their CT volumes are included, each of 
whom was infected by one of 12 known kinds of pathogens. We propose Deep Diagnostic Agent Forest (DDAF) to 
recognize the pathogen of a patient based on ones’ CT volume, which is a challenging multiclass classification 
problem, with large intraclass variations and small interclass variations and very imbalanced data. 
Results: The model achieves 0.899 ± 0.004 multi-way area under curves of receiver (AUC) for level-I pathogen 
recognition, which are five rough groups of pathogens, and 0.851 ± 0.003 AUC for level-II recognition, which are 
12 fine-level pathogens. The model also outperforms the average result of seven human readers in level-I 
recognition and outperforms all readers in level-II recognition, who can only reach an average result of 7.71 
± 4.10% accuracy. 
Conclusion: Deep learning model can help in recognition pathogens using CTs only, which might help accelerate 
the process of etiological diagnosis.   

1. Introduction 

Despite the availability of antibiotics agents, pneumonia still con
stitutes the third most common cause of death and is the first cause of 
death from infections [1–3]. According to 2019 Global Burden of Dis
eases (GBD) [4], pneumonia and bronchiolitis affected 489 million 

people globally in 2019, and an another statistics showed that over 2.56 
million people died from pneumonia in 2017 [5]. Since 2020, a viral 
pneumonia caused by a novel coronavirus (COVID-19) has killed over 
5.1 million people worldwide so far [5]. It is crucial to identify the 
causative pathogens of pneumonia, because without a specific diagnosis, 
patients cannot get adequate antimicrobial therapy and some 
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pneumonia could progress rapidly to severe illness or even spread 
widely [6]. Besides, though empiric wide spectrum therapy can almost 
reach similar efficacy without obtaining specific diagnosis, it can also 
cause risks of antibiotic resistance, which is especially harmful for 
children [7]. If specific fine-grained pathogen is known, accurate 
medication and infection prevention can be taken without delay. 

On the other hand, it is challenging to reach an etiological diagnosis 
of pathogens. There are more than 100 kinds of bacteria, viruses and 
fungi that can cause pneumonia [8], and the symptoms overlap signif
icantly among various lower respiratory infections [9]. To obtain a 
precise recognition of pathogens, a complex pipeline of biochemical 
tests is usually performed, which can be high cost, time-consuming or 
invasive with poor diagnostic efficiency. As a result, etiological diag
nosis of pathogens is only achieved in half of patients [10]. Instead, 
pneumonia is usually broadly divided into community-acquired pneu
monia (CAP) or hospital-acquired pneumonia (HAP), and the treatments 
of them are often based on the different experiential prior possibility of 
CAP and HAP. Chest X-Ray (CXR) is useful in establishing parenchymal 
lung involvement [11], but due to lower rendering quality and limited 
information, it often leads to misdiagnoses which cause delay of anti
microbial therapy [12]. Chest computed tomography (CT) is believed to 
be more informative than CXR, but it still faces difficulties that different 
types of pneumonia may share some common radiologic features [13]. 
Some researchers have focused on manual pathogen recognition of 
pneumonia, but they considered at most four different types of patho
gens and took visual radiology features as clues for manual recognition 
[14–16], such as bronchial wall thickening, consolidation and so on. It is 
a consensus [6,7] that recognizing pathogens using CTs is extremely 
hard for radiologists. However, if people can get some reasonable pre
diction with the help of computers, the situation may change. The quick 
recognition using images can also be used together with biochemical 

tests, which can help doctors design the pipeline of test and determine 
the exact pathogen more efficiently. 

In recent years computer-aided diagnosis (CAD) system has devel
oped rapidly [17–19] thanks to the rapid development of deep neural 
network [20,21]. With the help of computers, compact and distinctive 
features can be extracted and the quantitative calculation of computers 
helps avoid subjective bias of doctors. Dimensionality of medical images 
is too high for human to extract important features, while CAD can help 
in this situation. When using deep neural network technology, the 
convolutional layers can extract distinctive features from huge quanti
ties of data. Until now, deep learning based CAD systems have achieved 
high accuracies in many medical image analysis tasks, such as lung 
nodule detection [22–24], organ segmentation [25–27] and multiple 
category diagnosis [28–32]. Recent studies have shown that deep 
learning methods yielded great performance in distinguishing COVID-19 
from other lung diseases, such as lung nodules, non-virus pneumonia, 
and healthy cases [33–40], which is a relatively easier classification task 
than pathogen recognition, due to the small number of categories and 
drastically different patterns among them. As far as our survey, there is 
no publication on automatic pathogen recognition of pneumonia using 
CTs. 

Our contributions in this study are three-fold:  

1. A multi-pathogen CT database with 12 different types of pathogens 
was collected, in which each subject has CT volume and determined 
pathogen ground truth.  

2. A network called Deep Diagnostic Agent Forest network (DDAF) was 
proposed to deal with this fine-level, imbalanced pathogen recog
nition problem.  

3. DDAF reached a 0.899 ± 0.004 multi-way AUC, better than the 
average performance of seven radiologists in a reader study. 

Fig. 1. The definition of level-I and level-II labels. The rounded rectangles mean level-I labels while the outer rectangles mean the level-II labels. Chlamydia and 
Mycoplasma have no fine-level categories in our database and are treated as both level-I and level-II labels. 

Table 1 
Information about the cohorts among all categories.  

Pathogen categories Gender Age Train 
/Val cohort 

Test cohort Total Total for level I 

level-I level-II M F <20 21–40 41–60 >60 

Virus Cytomegalo-virus 63 56 24 38 40 17 58 61 119 1009 
Respiratory syncytial 24 19 3 4 17 19 20 23 43 
COVID-19 401 446 3 182 357 306 428 419 847 

Fungus Aspergillus 122 74 5 14 85 92 97 99 196 375 
Candida 111 68 0 12 47 120 88 91 179 

Bacteria Acinetobacter bowman 144 55 2 22 79 96 98 101 199 873 
Klebsiella 118 29 0 20 42 86 72 75 147 
Pseudomonas aeruginosa 96 54 5 22 50 73 74 76 150 
S. aureus 139 69 6 24 95 83 103 105 208 
Streptococcus 113 56 7 30 64 68 83 86 169 

Chlamydia 23 24 5 9 4 29 22 25 47 47 
Mycoplasma 27 22 29 7 5 8 23 26 49 49 
Total 1381 972 89 384 885 997 1166 1187 2353 2353 
Mean of 2-cls p-value 0.302451598 0.17499104 –  
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2. The database 

This study obtained ethical approval from the Ethics Commission of 
Wuhan Union Hospital. All participants remained anonymous, and the 
requirement for informed patient consent was waived by the ethics 
committee for this retrospective study. This study was registered with 
the Chinese Clinical Trial Registry, ChiCTR2000038609. 

Initially, 4090 patients were included according to the inclusion 
criteria: (1) lower respiratory infections confirmed by PCR positive, or 
sputum culture; (2) clinically common pathogen of pneumonia infec
tion; (3) available chest CT scans during acute infection phase; (4) 
pneumonia confirmed by CT; and (5) age 5–90 years old. In total, 1737 
patients were excluded because of the following exclusion criteria: (1) 
with multiple or secondary infections (n = 1102); (2) heavy CT image 
artefacts (n = 126); (3) the interval between CT scan time point and 
onset time was >1 month (n = 388); (4) combined with pulmonary 
edema (n = 76), pulmonary malignancy (n = 22) or esophagus surgery 
(n = 9); (5) unclear diagnostic results or possible misdiagnosis according 
to double check (n = 14). Ultimately, 2353 patients with 2353 CT scans 
were included. 

We defined the rough level of pathogens, virus, fungus and so on, as 
level-I labels, and the precise level of pathogens as level-II labels. As a 
result, 2,353 samples contain 5 different level-I labels and 12 different 
level-II labels, which is shown in Fig. 1 and Table 1. 

All slices in volumes are resized to 224 × 224 pixels to meet the need 
of pretrained CNN backbone of DDAF. The Hounsfield value is clipped 
within − 1200 to 500, and subsequently normalized to 0–1, to meet the 
need of pretrained backbone. 

The whole database was divided into training/validation cohort and 
test cohort without any overlap. We divided our database randomly with 
the same proportion (almost 1:1) for every level-II category as shown in 
Table 1. The deep model is trained on the training/validation cohort and 
the performances are estimated on the test cohort. Among all cases of 
different pathogens, distributions of gender or ages are not significantly 
different (p = 0.302 for genders, and p = 0.174 for ages). 

3. Methods 

The main challenge of pathogen recognition is that the data are very 
imbalanced and limited in size. Some pathogens are relatively rare than 

Fig. 2. The overall pipelines of DDAF for training and test process. The training and test (inference) process have slight differences. The training is done all at slice 
level, while the test process includes a slice fusion block, Top-K voting, to output the volume level result. 

Fig. 3. The main structure of neural network in DDAF, in which the feature extractor is a truncated Resnet [21], n selectors and agents are paired and used to give 
classification predictions. Predictions from agents and selectors are finally fused. Inputs of our network are concatenated images, lung masks and masked images. The 
process that fuses slice-level results into volume-level, and the segmentation network are not shown in this figure. 
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others, while it is still important to recognize them. Besides, the three- 
dimensional volume also brings some trouble to engineering, because 
it is hard to process the whole volume using deep networks within GPU 
memory. Our network uses a pipeline of two-dimensional training and 
volume-level inference which reduces the memory consumption of 
three-dimensional data. Besides, in order to overcome imbalanced data 
and long-tail distribution, our proposed network groups categories into 
hyper-groups and uses multiple different agents to handle different 
groups. In each agent, a classifier is designed to do inner group recog
nition which is trained on data within the group, while an agent selector 
is designed to recognize whether the input is suitable for its group. All 
these designs help DDAF yield better result on pathogens recognition. 

3.1. DDAF system and pipelines 

Our DDAF is composed of a segmentation network, a feature 
extraction backbone, a diagnostic agent forest, and a top-K voting 
module. To deal with the three-dimensional CT data, DDAF is trained on 

slice level, while during test, a slice fusion block is used to compute a 
single result for the input volume (shown in Fig. 2). This design helps the 
network easier to convergence because two-dimensional convolutional 
kernels have less parameters and pretrained parameters are available. 
On the other hand, when replacing volumes into slices of them, the 
number of training cases are hugely enlarged which is also helpful for 
training. 

When training, all training volumes are cut into slices and the slices 
are processed by a lung segmentation CNN model firstly. Image slices are 
then concatenated with their lung segmentations, and are fed into DDAF 
model together. A manual selection is done among all training slices in 
order to remove those without lesion of pneumonia on images. This 
process is only done in training/validation cohort in order to make sure 
all slices in training are positive slices which do have lesion in them since 
other slices are irrelevant to the pathogen recognition task. Though the 
selection is tedious in some degree, it is still faster than totally manual 
segmentation which is often required for training lesion segmentation 
algorithms. The training and validation are done at slice level and then 
the parameters are fixed for inference. The detailed network structure 
will be described in latter section and is shown in Fig. 3. 

While in the test stage, all slices of a volume are inputted into the 
system, and no manual selection is required. All slices for a volume are 
processed in inference, and classification results of all slices are fused by 
Top-K fusion block into a single volume-level result. Therefore, our 
method can handle variable size or span of pneumonia when inference. 
The feature extraction part is similar to Ref. [41], which is used as one of 
our baselines in experiments. 

3.2. Lung segmentation network 

Both in training and test process, the input of DDAF are a concate
nated images or volumes, which are consisted by the raw images and the 
lung segmentation masks. The segmentation masks force network to 

Fig. 4. Detailed process that how random-selecting is done on selectors and 
agents. For every agent, k elements of deep features are selected, whose position 
index are different among agents. The selected features are used to predict c 
selected pathogens which are also different among cases. 

Fig. 5. Results for level-I recognition. a) The overall ROC of our deep network. b) The confusion matrix among level-I categories. c) The bin-plot for accuracy of level- 
I categories. d) The metrics of our deep network. 
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focus on area of interests which in our cases are lung areas. We used U- 
net [26,27] to process all data and get their lung masks. 

3.3. Feature extraction backbone 

The feature extraction part extracts deep features from CT images 
using a truncated ResNet152 [21] backbone whose fully connected 
layers have been removed (also shown in Fig. 3). Resnet is combined by 
multiple Res-blocks, in which features of former layers skip and 
concatenate to the latter feature. As a result, a 2048-dimension (which 
means 2048 element-length features) deep features is extracted from 
every slice. 

3.4. Deep diagnostic agent forest 

The classification part of our network uses multiple diagnostic agents 
which are denoted as deep diagnostic agent forest (Fig. 3). Inspired by 
the real triage procedure in the hospital, we suppose different pathogens 
should be identified by different experts. When a diagnostic agent is 
trained specially using a pre-divided sub-group of pathogens, it can work 
as an expert in those pathogens which focuses more on the fine-level 
differences within the sub-group. Since all deep diagnostic agents are 
trained to find classification margins, the group of pathogens can also 
reduce the difficulties. What’s more, when data is grouped, the data 
imbalance for each agent is reduced. Therefore, we proposed DDAF to 
bring in multi-expert principle and to deal with data imbalance. 

Fig. 6. Results for level-II recognition. a) The overall ROC of our deep network for level-II. b) The bin-plot for accuracy of level-II categories. The blue bins denote the 
top-1 accuracies while the gray bins denote top-2 accuracies. c) The metrics of our deep network for level-II. d) The confusion matrix among level-II categories. 
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To realize the principle and train the model end-to-end, we designed 
structure as shown in Fig. 3, of which some details are shown in Fig. 4. 
For a single agent, it chooses k element from deep features randomly by 
randomly determining k indexes for the multi-expert principle. On the 
classification target side, a choice is also made to determine c pathogens. 
The k indexes and c pathogens are fixed for a specific agent. This kind of 
agents have n copies in network forming agent forest. Multiple agents 
can help predict all pathogens when n is larger enough. In the experi
ments, we set up n2 agents for level-I and n2 agents for level-II. The selected 
features, denoted as fd, are processed through two linear layers for 
classification. Cross-entropy loss is used as objective functions for clas
sification, denoted as Lcls. 

A selector is also designed for every agent to predict whether this 
agent can cover the pathogen of this input CT or CT slice. The selectors 
are trained together with classifiers which is called an end-to-end 
training, and when calculating losses, the loss of selector (also cross- 
entropy) is also added into the global loss, denoted as Lsel. When a 
case should not be predicted by one agent, the ground-truth of switch of 
that agent is zero, so the objective function of the training is: 

Lall = λ1Lcls + λ2Lsel + λ3R,

in which R is regularization items to prevent overfitting, and λx are 
weighting parameters of different objective functions. Besides, Lcls and 
Lsel are defined as followed, 

Lcls =
∑n

i=0

∑b

j=0
− p̂j log

(
pij
)
× I

(
p̂j ∈ ci

)
,

Lsel =
∑n

i=0

∑b

j=0
− ŵj log

(
wij

)
, ​ where ​ ŵj ​ : = ​ I

(
p̂j ∈ ci

)
,

When inference, the results of selectors are used as weights on ma
jority voting of classifiers to fuse agents’ results of a slice. The voting of 
agents can be further described as multiplication of two independent 

probabilities, which are selectors’ prediction probability and agents’ 
prediction probability respectively: 

P(y |X)=
∑

iSelectori(X) × Agenti(X)
∑

iSelectori(X)

Though we cannot get the ground truth agent when inference, we 
can get all predictions of agents Agenti(X) together with all selectors’ 
prediction Selectori(X), and calculate result using the function above. 
Result of a slice is available after voting of agents and then the results of 
all slices in the same volume are processed by a top-K fusion step to form 
the result of the whole volume. 

3.5. Training and evaluation details 

The training/validation cohort is used to select hyper-parameters 
and inner network parameters of network. Since the cases of our data
base are not abundant, training and validation are done in a four-fold 
cross validation manner. After validation, the hyper-parameters (n, c,
m) were selected. The training converged after 20 epochs for every fold, 
which costs 32 h on one NVIDIA GeForce 3090, and for level-I agents, 
(n,m, c) = (50,1024,2) for level-II agents, (n,m, c) = (50,1024,3). 

In order to evaluate the performances, we computed the accuracy 
and areas under receiver curves (AUC) on both level-I and level-II cat
egories. Since results on different databases can be different, we re- 
produced some common methods, and train and test them on the 
same situation and database. Reader studies were also done to compare 
performances of DDAF and human readers. 

3.6. Sub-groups analysis 

In order to analyze performances better, the bias of infectious degree 
should be removed [9,42,43]. Since not all patients came and underwent 
CTs in the same degree or period of infectious, and it is hard to revert the 
situations they went to hospital, we simplify the experiments to keep the 
infected area within the same levels. 

We divided sub-groups according to the area of infected area ob
tained by another deep segmentation network. The segmentation 
network was trained on another database of COVID-19 cases with 
manual annotations. We asked two experienced radiologists to annotate 
10 cases of COVID-19 lesion areas, the training cases were randomly 
selected from COVID-19 cases from Union Hospital of Wuhan, and none 
of them is included in the training or test cohort of this study. After 
training, the segmentation network processed on the whole test cohort, 
and we clustered the ratio of infected area to the whole lung areas into 
two clusters, and the higher one was denoted as large lesion sub-group, 
the lower one was small lesion sub-group. 

3.7. Reader studies 

Reader studies were carried out to obtain a relative baseline to 
compare our method. The readers were asked to perform two tasks, and 
readers could only check CTs and make decisions independently. Seven 
invited radiologists with different degrees of experience (HSS, JG, XQL, 
YKC, XYH, JX, and YTZ with 32, 12, 12, 6, 5, 2, and 1 years of experi
ences in thoracic radiology) independently performed all qualitative 
image analysis on Digital Imaging and Communications in Medicine 
(DICOM) images from the CT studies without access to clinical and 
laboratory findings. They were not specially trained for pneumonia 
pathogen recognition but all of them are experienced in CT reading and 
analysis, which is common for most hospitals. 

In the first task, radiologists need to decide which pathogens had 
infected the patients. They have five choices and need to list the five 
possible level-II pathogens by the order of probabilities they supposed in 
the first test. At the same time, the radiologists were also asked to list the 
most possible level-I pathogen for each case. Readers could give 

Table 2 
Performances of the proposed method and some other network structures. Best 
performances are shown in bold.  

Backbone Slice/ 
Volume 

Classifier AUC 
level-I 

Acc 
level-I 

AUC 
level-II 

Acc 
level-II 

DRE-Net 0.884 
±

0.006 

0.613 
±

0.002 

0.798 
±

0.043 

0.375 
±

0.012 
Deep-chest 0.822 

±

0.005 

0.491 
±

0.011 

0.721 
±

0.007 

0.251 
±

0.010 
Resnet152 Slice +

LSTM 
DDAF 0.529 

±

0.008 

0.146 
±

0.007 

0.439 
±

0.006 

0.063 
±

0.005 
Resnet50-3D Volume DDAF 0.659 

±

0.009 

0.259 
±

0.010 

0.450 
±

0.009 

0.170 
±

0.010 
Xception Slice +

TopK 
DDAF 0.871 

±

0.003 

0.633 
±

0.012 

0.755 
±

0.007 

0.372 
±

0.012 
Densenet121 Slice +

TopK 
DDAF 0.867 

±

0.005 

0.568 
±

0.012 

0.761 
±

0.005 

0.349 
±

0.011 
Resnet152 Slice +

TopK 
Pure 
dense 

0.718 
±

0.009 

0.547 
±

0.013 

0.618 
±

0.008 

0.224 
±

0.010 
Resnet152 Slice +

TopK 
Group 
Softmax 

0.776 
±

0.005 

0.697 
±

0.010 

0.768 
±

0.005 

0.481 
±

0.012 
Resnet152 Slice +

TopK 
Designed 
agents 

0.892 
±

0.004 

0.702 
±

0.009 

0.805 
±

0.005 

0.434 
±

0.012 
Resnet152 Slice +

TopK 
DDAF 0.899 

± 
0.004 

0.713 
± 
0.009 

0.851 
± 
0.004 

0.524 
± 
0.011  
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predictions for level-I and level-II independently, which means they can 
choose any level-II pathogens without caring of the level-I results they 
closed. For the second task, they need to decide whether the case is a 
viral pneumonia or not, which is a common task for radiology depart
ment in hospitals. The decisions were made without limitation of time, 
and radiologists were well informed the rules and knew the list of all 
pathogens possible in the cohorts. 

4. Experiments and results 

4.1. Level-I performance 

We evaluated the recognition accuracies of our network at both 
level-I and level-II. In level-I recognition, the deep network outputs 
predictions for input CT volumes among viral, fungal, bacterial, myco
plasmal or chlamydial pneumonia (Fig. 5), and it gets an averaged ac
curacy of 0.713 ± 0.009 and multi-way AUC of 0.899 ± 0.004. Bacteria 
pneumonia has the highest accuracy in our network, while fungus 
pneumonia and chlamydia pneumonia tend to be confused as bacteria 
pneumonia. We have tried to simplify the multi-class classification 

Fig. 7. Accuracy comparison between DDAF and ResNet on both level-I and level-II pathogens. Number of cases of every level-I and level-II labels are also shown. a) 
Bin-plot of accuracies for level-I. b) Bin-plot of accuracies for level-II. The index of pathogens has been sorted by the number of cases, and the numbers are plotted in 
thousands. The horizontal lines mean averaged accuracies of two methods. 
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problem to binary classification between fungus and bacteria, or chla
mydia and bacteria pneumonia, and the results remained which means 
the misdiagnosis is mainly due to indistinctive imaging features. This 
finding is consistent with some former publications that lobar consoli
dation, cavitation, and pleural effusions usually suggest a bacterial eti
ology [44], but they are not unique and may overlap with fungal 
pneumonia [45]. 

4.2. Level-II performance 

For the level-II recognition results (in Fig. 6), top-2 accuracies are 
also calculated since top-1 recognition is too hard. In clinical practice, 
physicians might also give multiple possibilities according to CTs, and 
we believe our level-II prediction can offer useful suggestions for phy
sicians. According to the results, our network gets 0.524 ± 0.011 
average accuracy, 0.851 ± 0.004 multi-way AUC, and the average top-2 
accuracy is 0.663 ± 0.002. Chlamydia and Aspergillus are the two 
hardest pathogens with accuracies below 10%, and even taking top-2 
choices into account, Aspergillus is still hard to recognize. According 
to confusion matrix, many of categories were easy to be confused to 
Streptococcus, which is one of the commonest pathogens. We suppose 
that the lower accuracy of certain pathogen is due to too few training 
samples and inherent difficulty, because when we removed all other 
cases to simplify the problem, the result was the same. 

4.3. Performance comparison with other methods 

All comparisons are carried out based on three parts of network 
pipeline which are backbone, slice or volume process, and classification 
structures (Table 2). According to the experiments, our proposed DDAF 
outperforms all of them on the pathogen recognition task. We took 
Resnet152 [21] as our backbone to extract features. The result for 
Resnet152 means using pure Resnet [21] to directly predict the 12 
categories, which in other words, uses pure dense layer as classifier 
instead of DDAF. This method can also be regarded as a reimple
mentation of the system in Jin et al. [41]. Different from Group SoftMax, 
our agents cover categories overlapping with each other and take 

different parts of features from the backbone, because we suppose 
different features should be used for fine-level recognition, while Group 
SoftMax groups only long tailed and non-long tailed categories. We also 
tried DDAF with manually designed agents, which groups categories 
based on prior knowledge that all level-II pathogens belong to their 
level-I. Some other diagnostic methods from other publications were 
tested, including DRE-Net [46] and Deep-chest [40]. For Deep-chest, we 
test the performance of its VGG [47]+CNN architecture which is the best 
model in original paper. We also test several commonly used backbone 
structures which uses different backbone from DDAF, such as Xception 
[48], Densenet [49]. Some different strategies on fusion among slices 
were also tested, because we found many publications used similar 
backbones and focused on data preprocessing and fusion among slices. 
Results showed that our deep diagnostic agent worked well comparing 
to other designs, and both Resnet50-3D [50] and Resnet152+LSTM [51] 
cannot converge using such few training data, and DDAF outperforms 
other classifier structures. 

4.4. Improvement on deal with data imbalance 

As shown in Fig. 7, all accuracies increased compared to the baseline 
Resnet pure classification method. For pathogens with small number of 
cases, the accuracies increase significantly, but there are some patho
gens whose accuracies are still low. Fungus is one of these situations and 
we suppose that fungus should have huger intra-category differences 
and smaller inter-category differences to bacteria, which means it is 
hard even when training samples are plenty. Since our network helps not 
only in data imbalance, but also in finding identification margin be
tween fine-level pathogens, the accuracy of fungus also increases 
compared to baseline. Similar situation happens on Aspergillus and 
Candida, while for those pathogens with fewer samples, the improve
ment is significant, such as CMV and Respiratory syncytial. The accuracy 
of Chlamydia increases only slightly. We suppose that the appearance of 
CTs may be too similar between Chlamydia and bacteria [44]. 

4.5. Performance in different infection level sub-groups 

To investigate whether the severity of the pneumonia affects the 
diagnosis accuracy, it is necessary to distinguish pneumonia from each 
other at the same severity degree. Besides, we suppose that it is valuable 
to identify pathogens of pneumonia as early as possible. Therefore, we 
divided our test cohort into large lesion and small lesion sub-groups and 
evaluated our system on them (show in Table 3). The division was ac
cording to areas of infections, which were obtained by a trained infec
tious area segmentation network. The results in Table 4 and Fig. 8 show 
that in small-lesion group the accuracy decreases to 0.702 ± 0.012 
because the task is more difficult, while in the large-lesion group, the 
accuracy is 0.766 ± 0.025. The accuracies are different but still on the 
same level, indicating that our method can work stably on different 
situations of infected areas. 

4.6. Performance comparison with radiologists 

To understand the performances of the proposed network, we con
ducted a reader study to evaluate the accuracy of human radiologists. 
We invited seven radiologists, who have an average of 10 years of 
experience to participate the reader study. These radiologists are not 
specially trained for pneumonia, which is a common situation for most 
general hospitals. 

According to the result, the deep network outperformed most doctors 
(Fig. 9). In the first reader study, the deep network outperformed most 
readers with 68.42% accuracy and 36.84% level-II accuracy. Recogni
tion of level-II pathogens is especially challenging even for the most 
experienced reader. In the second reader study, our network also out
performed most of human readers with 77.08% accuracy. 

It is common that radiologists in most hospitals are usually not 

Table 3 
Number of cases in each sub-cohort of our test cohort.  

level-I Small 
lesion 

Large 
lesion 

level-II Small 
lesion 

Large 
lesion 

Total 

Virus 473 66 Cytomegalovirus 36 15 539 
Respiratory 
syncytial 

18 5 

Covid-19 373 46 
Fungus 158 32 Aspergillus 88 11 190 

Candida 70 21 
Bacteria 322 121 Acinetobacter 

bowman 
64 37 443 

Klebsiella 47 28 
Pseudomonas 
aeruginosa 

53 23 

S. aureus 81 24 
Streptococcus 77 9 

Chlamydia 23 2 25 
Mycoplasma 24 2 26 
Total 964 223 1187  

Table 4 
Performances of the proposed method on different subgroups with lesion.   

AUC level-I Acc level-I AUC level-II Acc level-II 

Large lesion 
group 

0.922 ±
0.009 

0.766 ±
0.025 

0.870 ±
0.008 

0.537 ±
0.025 

Small lesion 
group 

0.893 ±
0.004 

0.702 ±
0.012 

0.841 ±
0.005 

0.520 ±
0.012  
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trained to identify pathogens unless in some specialist hospitals for in
fectious diseases. So, the experiments showed how much the algorithm 
can help in common hospitals in recognizing pathogens. On the other 
hand, the task of the second reader study is to identify viral pathogens, 
which is a common task for radiologists. On this task, our method also 
outperforms most radiologists. 

4.7. Feature interpretation 

Since deep network is a black box, whose features are difficult to 
interpret, t-SNE map is a good tool to show the distribution of those deep 
features. This interpretation helps check whether the different cate
gories are well divided by deep network. In Fig. 10, we show samples in 
the test cohort in a two-dimension map. The cases from the same level-I 
categories share the same color and the cases of the same level-II cate
gories use the same shape of points. We can see that points of different 
colors are almost divided into different clusters in the map except that 
the purple ones (Chlamydia) and some red ones (Fungus) are spread 
among the yellows (Bacteria). The figure also shows the imbalanced 
number of cases of different categories. 

5. Conclusion and discussion 

In this study, we developed a deep network to extract clues of 
pathogen recognition from chest CT. The proposed network is specially 
designed for imbalanced data using multiple diagnostic agents. Each 

agent is trained by different groups of data cases, which helps identify 
fine level differences among similar cases and finally help improve ac
curacy. Despite of a very complicated task, our system achieved 71.3 ±
0.9% level-I accuracy and 52.4 ± 0.3% level-II accuracy, which are 
higher than baselines. When we allow the system to make two most 
probable predictions, the accuracy increases to 89.53 ± 1.8% for level-I 
and 66.3 ± 0.2% for level-II. 

A diagnosis system with such accuracy can be used to optimize the 
use of biochemical tests. In many situations, patients need to take many 
different tests to determine pathogens, resulting in high expenditure and 
long waiting time. Informed by the prediction results of our system, 
doctors can make optimized biochemical tests, with lower cost and 
faster process. For example, if one is suspected to suffer from fungal or 
bacterial pneumonia by our system, culture and smear detection in 
sputum should be firstly tested. While if viral pneumonia has higher 
possibility, the IgM detection and nucleic acid detection are preferred. If 
we can recognize specific fine-grained pathogen as quickly as possible, 
accurate medication and infection prevention can be taken without 
delay, which can decrease antibiotic abuse and risk of hospital infection. 
On the other hand, if possible, pathogens are determined before labo
ratory test, the time and financial cost for patients can be reduced. 

In our reader study, the accuracies of radiologists were relatively 
low. This indicates that recognizing pathogen based on CT is indeed a 
hard task for radiologists, which is consistent with previous findings 
[42]. Experienced pneumonia specialists may have higher accuracy 
since our readers are from radiology departments of general hospitals 

Fig. 8. Accuracies for different subgroups with lesion. a-b) level-I and level-II accuracies for small lesion group. c-d) level-I and level-II accuracies for large 
lesion group. 
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and are not specialized on pneumonia. Most patients are turn for helps to 
general hospitals in practice so that our reader study design is suitable. 
In addition, radiologists may have higher accuracy in clinical applica
tions since they can refer to other prior information, such as some 
pathogens are not that frequently seen in certain season or certain 
populations or in immunocompetent subjects. 

Since the beginning of 2020, artificial intelligence methods on 
COVID-19 diagnosis or detection attract much attention. It is important 
to note that out task is much more difficult than COVID-19 detection. 
COVID-19 is pneumonia caused by virus, and it has obvious difference 
from bacterial pneumonias in CTs. Our task is recognizing 12 kinds of 
pathogens which means many types of pneumonias which share similar 
appearance should also be identified from each other. Within the range 
of viral pneumonia, some imaging features of COVID-19 are also present 
in other viral pneumonia, and thus it is a much harder classification 
problem. We also tested the performances of our proposed DDAF on the 
same test cohort of our previous study [41], and found DDAF performed 
slightly better than the former one with 0.981 multi-way AUC. This 
indicates that the classification problem in this study is indeed much 
more challenging than COVID-19 detection problem addressed in pre
vious study. This work is different from the former in not only topic, but 
also network structures. In order to promote the performance, we 
replace the last two layers of the network in Ref. [41] with agent forests 
which can help reduce the influence of imbalanced data and help 
identify fine-level differences among pathogens. The key to this design is 
to use multiple intra-group classifiers together with grouping classifiers, 
which can reduce the degree of data imbalance when training each 
classifier and may be beneficial to fine-level classification among 
different intra-group pathogens. The result also shows that our DDAF 

improves accuracies a lot both for the averaged or single pathogen. 
We could learn some details from the accuracy and confusion matrix 

of our experiments. For differential diagnosis of level-I, it is not sur
prising that fungal and bacterial pneumonia were easier to be confused 
with each other according to the confusion matrix. It is known that lobar 
consolidation, cavitation, and pleural effusions usually suggest a bac
terial etiology, such as Streptococcus and Klebsiella pneumonia [44]. 
However, the above imaging features are not unique and may overlap 
with those of other bacterial infections, such as Acinetobacter bowman 
or S. aureus [44], or fungal pneumonia [45]. Hence, the low diagnostic 
performance of fungal pneumonia in current study may be mainly due to 
the poor specificity of the imaging finding. Similarly, for differential 
diagnosis of level-II, Streptococcus had the highest sensitivity but lowest 
specificity, namely, many other infections such as Aspergillus, Chla
mydia were misclassified as Streptococcus. We supposed this situation 
might mainly come from the varying imaging appearance of Strepto
coccus, which overlaps with some other pneumonia. Therefore, more 
attention should be paid to the identification of these pathogens in 
future research. 

Though there are already many publications on COVID-19 classifi
cation, our proposed method has a novel network structure which is 
designed specifically for the imbalanced category situation in pathogen 
recognition. A key to our network is a random forest-like classifier, in 
which multiple simple classifiers are combined to predict at the same 
time. In order to get some randomness and variety as the random-forest 
principle [52], our classifiers take different elements of deep features as 
input using random sampling (described in Method). 
Partial-fully-connection and multiple classifier bagging are two keys of 
this design. The randomly sampled features result in 

Fig. 9. ROC curves of our system and performances of human readers in reader study. a) ROC for level-I diagnosis of the first reader test. b) ROC for level-II diagnosis 
of the first reader test. c) ROC for virus-not-virus diagnosis of the second reader test. d) Accuracies of human readers and deep network in reader studies. H1, H2 and 
so on mean different human readers. 
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partial-fully-connection, which decreases the connection in 
fully-connection layers, helps decrease the complexity, and can prevent 
overfitting just like the well-known dropout process [53]. Some other 
researchers also found that more connections between nodes of network 
cannot always increase the performances [54]. For classifier bagging, 
the ensemble of them can help increase the stability and accuracy [55, 
56]. Besides, different classifiers can be regarded as different fine-level 
classifiers working well in different groups of similar categories. From 
the view of clinical practice, it is quite common that some radiologists do 
especially well in recognition of some pathogens because they are ex
perts on them. Our network is a simulation of this situation that an agent 
represents radiologists who are good at recognizing some of the patho
gens. The final prediction if a committee of those radiologists so that the 
results can foreseeably better than Resnet which means a single radi
ologist arranging all. We believe our method is suitable for situations 
where the number of subtypes is large, and the number of training 
samples is limited. 

Our research has several limitations. Firstly, the accuracies are still 
relatively low, especially for some pathogens with limited number of 
samples. Larger database should be collected and better classification 
methods should be explored in the future. Secondly, clinical informa
tion, epidemiological knowledge, immunocompetent situation and so 
on, are important clues for diagnosis of pathogens, but have not been 
exploited in our method. We plan to collect more complete data and 
develop classifier utilizing both CT images and this additional infor
mation. Thirdly, this study was retrospectively conducted on databases 
from two medical centers. To improve the generalization ability and 
optimization of the model, multicenter and prospective research are 

needed. Fourthly, although we have strictly excluded cases of multiple 
or secondary infections, some cases of multiple infections might not be 
clinically recognized due to the limitation of laboratory testing 
approach. Finally, although our system can recognize 12 different 
pathogens, which are among the most common ones, there are still many 
other pathogens for infections that were not included due to limited 
numbers of samples. 

To our knowledge, this is the first deep learning system for pneu
monia pathogen recognition using CTs, and the results shows that our 
network works better than average human radiologists. Although there 
is still plenty of room for improvement, the current system can provide 
useful information for optimizing biochemical tests. 

Data and code availability 

The databases we used in this research are available after reasonable 
request and with permission of the Union Hospital of Wuhan, China. The 
code of this work is publicly available at https://github.com/Ch 
enWWWeixiang/TriageNet_pneumonia. 

Ethics 

This study obtained ethical approval from the Ethics Commission of 
Wuhan Union Hospital. All participants remained anonymous, and the 
requirement for informed patient consent was waived by the ethics 
committee for this retrospective study. This study was registered with 
the Chinese Clinical Trial Registry, ChiCTR2000038609. 

Fig. 10. T-SNE map of deep features of test samples extracted by our network, which are projected into two-dimension. According to the map, we can understand the 
similarity of different categories vividly. 
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