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Introduction
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Motivation

• Profound impact of malaria disease (bệnh sốt rét) caused by plasmodium 
parasite:
• 597 thousands deaths in 83 countries in 2023 [1].
• 1.3% lower in annual GDP growth [2].
• Responsible for 50% missed school days of children in Africa [3]. 

• Early diagnosis is important for malaria disease prevention [1].
• Life cycle development is important for clinical testing of medicine.
• Manual diagnosis requires highly-skilled experts [4].
→ Classification of plasmodium life cycle development.
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Context of Thesis Study

• Collaboration with French Armed Forces Center for Epidemiology and Public 
Health (CESPA) and French Armed Forces Biomedical Research Institute 
(IRBA). 

• Research project goal: Development of automatic clinical testing for malaria 
medicine, i.e. to assess whether the new medicine stops the plasmodium 
development at a desired development stage.



Medical Background of Plasmodium
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• Plasmodium development consists of mosquito, human liver, and human 
blood stages.

• Focus: classification of life cycle development in human blood.

Development of Plasmodium. Figure extracted from Su et al. [5] Samples of life cycle development in blood. Figure extracted 
from Jan et al. [4]



Microscopy Diagnosis of Plasmodium
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• Blood smear images consists of several red blood cells (RBC).
• One RBC is either healthy (uninfected) or infected (by parasite).
• Infected RBC is either in four life cycle development stages: ring, 

trophozoite, schizont, and gametocyte.

or
• Is the blood sample 

infected? 
• In which development 

stage?
• Caused by which species?

Pipeline for plasmodium diagnosis, carried out either manually by experts or 
semi-automatically by deep learning model.
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Research Problem

• Research problem: Data imbalance 
of life cycle development 
classification from RBCs.

• State of Research:
• Good results on detection of RBCs from 

blood smear images [6], [7].
• Addressing data imbalance issue in life 

cycle classification:
• Employing additional model for 

infection classification of RBCs [11], 
[12] → computational demand.

• Utilizing additional unlabeled data [10] 
→ ineffective use of data.

Number of instances by class in three datasets. All are dominated by 
healthy red blood cells (healthy RBC).

1. Healthy RBC
Life cycle stage:
2. Ring
3. Trophozoite
4. Schizont
5. GametocyteRed blood cells (RBC)

Illustration of our classification pipeline.
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Objective and Contributions

• Address severe data imbalance issue in life cycle development classification 
of RBCs by enriching minor classes with data from multiple domains.

• Contributions: 
1. Introduce multi-domain learning concept to the plasmodium life cycle classification 

task.
2. Propose Multi-Domain Information Fusion (MDIF) to bridge domain gap.

Domain 1

Domain 2
Backbone

Multi-Domain 
Information 

Fusion (MDIF)
Classifier

Domain 3

Life cycle development classification framework with MDIF.
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Methodology for 
Domain Fusion



Why We Need Multi-Domain Information Fusion (MDIF)?
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• Different data acquisition methods of different datasets, e.g. staining agents, 
microscope devices → different distribution in feature space.

• MDIF to bridge the distributions across domain.

Domain 1

Domain 2 Backbone

Illustration of utilizing MDIF to bridge distributions across domain. Colors represent domains.

Domain 
Fusion

Class 1 in domain 2

Class 2 in domain 2

Class 1 in domain 1

Class 2 in domain 1Classifier
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Multi-Domain Information Fusion (MDIF)

• A module placed on top of backbone (feature extractor) to integrate 
information across domains at feature level.

• Components of MDIF:
• Two GCN Layers:

• First layer: integrate information globally.
• Second layer: all instance nodes receive global information.

• Agent node: noise-tolerant global representation.
• Knowledge graph (adjacency matrix) defines how information flows.

• Two versions: MDIF Domain-level and MDIF Class-level.



Classification Framework with MDIF
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Classification framework with MDIF.



MDIF Domain-Level
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• Integrate information at domain level.
• An agent node represents a domain.

𝒂𝒈𝒕𝑑 = ෍

𝑖=1

𝑁𝑑

𝒘𝑖
𝑑 ⋅ 𝒛𝑖

𝑑

Domain-level agent node:

Knowledge graph (adjacency matrix) construction in MDIF Domain-level. Colors 
represent domains.



MDIF Class-Level
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• Refinement of MDIF Domain-level with information integration at class 
level.

• An agent node represents a class in one domain.

𝒂𝒈𝒕𝑑,𝑐 = ෍

𝑖=1

𝑁𝑑

𝑦𝑖
𝑑 == 𝑐 ⋅ 𝒘𝑖

𝑑 ⋅ 𝒛𝑖
𝑑

Class-level agent node:

Knowledge graph (adjacency matrix) construction in MDIF Class-level. Colors 
represent domains.
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Experiment Settings



Datasets

• BBBC041 [13], IML Malaria [18].
• Our Plasmodium (in progress of being published by CESPA).
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Samples extracted from three datasets, grouped by class.



Datasets

• Classification classes (output of the model) and corresponding classes in 
three datasets.
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Classification classes and their correspondents in three datasets.



Datasets
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• Our Plasmodium, IML Malaria: random split with ratio 7/2/1 for train, 
test, and validation set.

• BBBC041: original train and test set (provided by authors), 1/10 of train 
set for validation purpose.

Number of instances by classification class for train, validation, and test set.



Experiment Design
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• Individual Training: trained on individual dataset without MDIF.
• Joint Training: trained jointly on all datasets without MDIF.
• MDIF Domain-level: trained jointly on all datasets with MDIF Domain-level.
• MDIF Class-level: trained jointly on all datasets with MDIF Class-level.

𝑓𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒(𝒙) 𝑓𝑐𝑙𝑠(𝒉)

𝑓𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒(𝒙) 𝑓𝑐𝑙𝑠(𝒉)

𝑓𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒(𝒙) 𝑓𝑐𝑙𝑠(𝒉)

MDIF 
Domain-

level
𝑔(𝒛)

𝑓𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒(𝒙) 𝑓𝑐𝑙𝑠(𝒉)

MDIF 
Class-
level
𝑔(𝒛)

Individual Training

Joint Training

MDIF Domain-level

MDIF Class-level

Illustration of experiment design.
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Evaluation Strategy

• Evaluation metrics:
• Accuracy
• Life cycle micro-averaged recall 𝑅𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒

• Life cycle micro-averaged precision 𝑃𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒

• Life cycle micro-average F1 score 𝐹1𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒

• Model selection: best accuracy, best 
𝑅𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒, and last epoch.

𝑅𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒 =
 σ𝑐∈{𝑅,𝑇,𝑆,𝐺} 𝑇𝑃𝑐  

σ𝑐∈{𝑅,𝑇,𝑆,𝐺}(𝑇𝑃𝑐 + 𝐹𝑁𝑐)

𝑃𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒 =
 σ𝑐∈{𝑅,𝑇,𝑆,𝐺} 𝑇𝑃𝑐  

σ𝑐∈{𝑅,𝑇,𝑆,𝐺}(𝑇𝑃𝑐 + 𝐹𝑃𝑐)

𝐹1𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒 = 2 ⋅
𝑅𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒 ⋅ 𝑃𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒

𝑅𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒 + 𝑃𝐿𝑖𝑓𝑒𝐶𝑦𝑐𝑙𝑒



22

Implementation Details

• Implementation with MMPreTrain framework.
• GCN are implemented with PyTorch Geometry.
• Experiments were carried out with NVIDIA P100 GPU on Kaggle.
• Backbone: ResNet50, pretrained on ImageNet.
• Training: 50 epochs with Adam optimizer, learning rate 10−4, reduced by 

10−1 at 25th epoch. 
• Evaluate on validation set every 5 epochs. 

Source code is available at github

https://github.com/khanhtran2101/Plasmodium_Multi_Domain_Information_Fusion
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Results and Analyses
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Effectiveness of MDIF on BBBC041

• MDIF significantly 
improves performance 
on life cycle classes.



Effectiveness of MDIF on BBBC041
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• Better separation among life cycle classes of MDIF Domain-level compared 
with Individual Training.

Individual Training. Best accuracy model. MDIF Domain-level. Best accuracy model.
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Effectiveness of MDIF on IML Malaria

• Either MDIF Domain-
level or Class-level 
reports highest score on 
all evaluation metrics.
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Effectiveness of MDIF on Our Plasmodium

• Slightly better 
performance with 
MDIF.
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Attempt to Compare Our Results with Existing Studies

Only two studies on life cycle 
classification from RBCs:

• Different pipeline (a): Li et al. [10]. 
• Similar pipeline (b), but different data 

split: Auraujo et al. [11] did not use 
original train/test split provided by 
BBBC041, too many samples of minor 
classes for testing, only a few for 
training.

→ Hard to draw an absolute comparison 
on life cycle classification.

RBCs

1. Infected RBC

2. Healthy RBC

Life cycle stage:
1. Ring
2. Trophozoite
3. Schizont
4. Gametocyte

1. Healthy RBC
Life cycle stage:
2. Ring
3. Trophozoite
4. Schizont
5. Gametocyte

(a) Two-stage classification 

(b) One-stage classification

Two different pipeline for life cycle classification from RBC. 

RBCs
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More Data, Better Result? 

• Individual Training and Joint Training: “Physically” adding more data does 
not always ensure better model.

• MDIF achieves higher performance compared with Individual Training and 
Joint Training.

Result on BBBC041. Best recall selection. 



Negative Affect of Poor Annotation on MDIF Class-level?
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• MDIF Class-level was expected to be refinement of Domain-level.
• Might be due to annotation mistakes.

Results on IML Malaria. Last epoch selection. 

Healthy RBC samples with wrong 
annotation? Our Plasmodium 

Healthy RBC samples with wrong 
annotation? IML Malaria 

Healthy RBC samples with wrong 
annotation? BBBC041 
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Conclusion and 
Future Works
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Conclusion

• An automatic classification of plasmodium life cycle development.
• Address data imbalance with data enrichment from multiple domains 

enrichment. 
• Bridge domain gap by Multi-Domain Information Fusion at feature level.

Domain 1

Domain 2
Backbone

Multi-Domain 
Information 

Fusion (MDIF)
Classifier

Domain 3

Life cycle development classification framework with MDIF.
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Future Works

• Input-level alignment methods: 
• Domain-specific normalization
• Style transfer

• Two-stage classification to reduce impact of data imbalance.
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