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Introduction and Motivation
• Missing laboratory data is an ever-present challenge in clinical domain.

• Clinical Decision Support Systems (CDSSs) rely on completeness for accurate predictions.

• Simple techniques exist but are inadequate.

• Scope to investigate better data imputation techniques suitable for laboratory data.

Patient Date Lab Code
EOS MONO BASO …. NRBCA

1 23/03/20 0.40 NaN 0.10 …. 0.00
2 24/03/20 NaN 0.50 0.10 …. NaN
2 23/03/20 0.20 NaN 0.10 …. 0.00
3 23/03/20 0.40 0.50 NaN …. 0.00
4 23/03/20 0.10 NaN 0.10 …. NaN
5 23/03/20 NaN 0.40 0.10 …. 0.00

Source: [1]: Bernard Hernandez Perez. Data-driven web-based intelligent decision support system for infection management at point of care. PhD thesis, Imperial College London, 2 2019.

Patient Date Lab Code
EOS MONO BASO …. NRBCA

1 23/03/20 0.40 0.47 0.10 …. 0.00
2 24/03/20 0.28 0.50 0.10 …. 0.00
2 23/03/20 0.20 0.47 0.10 …. 0.00
3 23/03/20 0.40 0.50 0.10 …. 0.00
4 23/03/20 0.10 0.47 0.10 …. 0.00
5 23/03/20 0.28 0.40 0.10 …. 0.00
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Background Material (1)

• Types of missing data:
– Missing at Random (MAR)
– Missing Completely at Random (MCAR)
– Missing Not At Random (MNAR)

• Current landscape:
– Imputation depends on feature types and nature of missing data.
– Separate studies validated Machine Learning (ML) methods.
– Increasing potential for use of Bayesian Networks (BN).
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Background Material (2)
Machine Learning Bayesian Networks
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Project Aims and Deliverables

Aim: “Compare the performance of ML based and BN methods with simple median imputation.”

Key Deliverables:

• Design: Imputation framework which provides a methodology. 
• Implementation: Develop the framework and create an open source library.
• Experimentation: Carry out an empirical study on a real-life laboratory data set.
• Documentation: Create a reference point for project findings and results.
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Overview of Design & Implementation 

Stage 1:
EOS MONO BASO …. NRBCA

0.40 0.47 0.10 …. 0.00

0.20 0.47 0.10 …. 0.00

0.40 0.50 0.10 …. 0.00

0.10 0.47 0.10 …. 0.00

0.28 0.40 0.10 …. 0.00

Patient Date Lab Code

EOS MONO BASO …. NRBCA
1 23/03/20 0.40 NaN 0.10 …. 0.00
2 23/03/20 0.20 NaN 0.10 …. 0.00
3 23/03/20 0.40 0.50 NaN …. 0.00
4 23/03/20 0.10 NaN 0.10 …. NaN
5 23/03/20 NaN 0.40 0.10 …. 0.00

Stage 2:

Stage 3:

Stage 4:

Stage 5:

EOS MONO BASO …. NRBCA

0.40 0.47 0.10 …. 0.00

0.40 0.50 0.10 …. 0.00
0.28 0.40 0.10 …. 0.00

EOS MONO BASO …. NRBCA

0.40 0.47 0.10 …. 0.00

0.40 0.50 0.10 …. 0.00

0.28 0.40 0.10 …. 0.00

EOS MONO BASO …. NRBCA

0.40 0.38 0.10 …. 0.00

0.40 0.50 0.08 …. 0.00

0.21 0.40 0.10 …. 0.00

Full description of the analysis, design and implementation details in Chapter 4 and 5 of Final Report.

EOS MONO BASO …. NRBCA
0.40 NaN 0.10 …. 0.00

0.20 NaN 0.10 …. 0.00

0.40 0.50 NaN …. 0.00

0.10 NaN 0.10 …. NaN

NaN 0.40 0.10 …. 0.00
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Experiments

Full description of the experiment methodology presented in Chapter 6 of Final Report.
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Experiment I – Overview of pathology data

Deliverable 3 & 4

Full description of results available in Chapter 7 – Section 2 of Final Report.
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Results: Evaluation Metrics

Full description of evaluation metrics presented in Chapter 7 – Section 7.1.
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Experiment II – Imputation using ML based methods
Single Feature Removal Multiple Feature Removal

For all analytes, error distribution for ML based (orange) is 
significantly lower than median imputation.
à ML methods impute with higher accuracy than median.

Remaining results presented in Chapter 7 – Section 7.2 of Final Report.

For all proportions of missing values (10%, 30% and 50%), central 
tendency and dispersion remains below median imputation.
à median changes the distribution of data.
à ML methods to a much lower extent (relatively).



12/15

Experiment III – Imputation using BNs (1)
Single Feature Removal

For all analytes, error distribution for BNs (blue) is lower than 
median imputation (orange).
à BNs perform better than median imputation.

Remaining results presented in Chapter 7 – Section 7.3 of Final Report.

Single Feature Removal
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Experiment III – Imputation using BNs (2)
Multiple Feature Removal

For all proportions of missing values (10%, 30% and 50%), central 
tendency and dispersion remains below median imputation.
à BN central tendencies are heterogenous so they are more

consistent.

Remaining results presented in Chapter 7 – Section 7.3 of Final Report.

Multiple Feature Removal
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Experiment IV – Comparing ML based and BN methods
Single Feature Removal Multiple Feature Removal

RMSE scores are more comparable.
à discretisation of data impacts performance of ML methods.

*Best performing method is highlighted in bold showing it has a lower RMSE. Full table of results accessible in Chapter 7 – Section 7.4 of Final Report.

For all proportions of missing values (10%, 30% and 50%), more 
variation in the best method.
à performance of ML methods degrades linearly.
à BNs have a lower RMSE at higher missing values.
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Conclusion, Achievements and Future Work

Deliverable 3 & 4

Conclusions & Achievements Future Work

• Empirically shown simple median imputation performs poorly.
à high RMSE for all the analytes under all scenarios.
à changes the distribution of underlying data.

• Recommendation 1: ML based methods for CDSSs predictive 
modelling as they impute with high accuracy.

• Recommendation 2: BNs more suitable for clinicians as they 
are interpretable and intuitive.

• All project objectives were met.

• Integration into CDSS to carry out pilot studies.

• Extending experiments to consider other laboratory panels.

• Temporal profiling to use longitudinal data.

• Enhancing model performances especially BNs.


