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Abstract

This project addresses the inefficient and costly screening of plasma donors by developing Bio-
Predict, a predictive modeling system for Grifols. The primary objective is to build an interpretable
machine learning model that identifies donors with a high probability of being positive for specific sero-
logical markers, using Hepatitis B as a proof-of-concept. An end-to-end pipeline was engineered using
the NHANES dataset, culminating in an optimized XGBoost model. The final model demonstrates sig-
nificant business value, concentrating 54% of all positive cases within the top 30% of highest-risk
donors, an efficiency 1.8 times greater than random screening. Key contributions include a repro-
ducible MLOps framework and the use of SHAP for model transparency, ensuring predictions translate
into actionable strategies. This work provides a data-driven pathway to reduce operational costs and
enhance the supply of valuable biological materials.
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1 INTRODUCCTION - PROJECT AND BUSI-
NESS CONTEXT

Grifols, as a leading multinational healthcare company
specializing in human plasma-derived products, faces
ongoing logistical and operational challenges in securing
a supply of high-quality biological materials. The Bio
Supplies business unit is responsible for providing plasma
and serum from both healthy donors and those with specific
pathologies for research, pharmaceutical manufacturing,
and in vitro diagnostic development.

A fundamental challenge in this process is the efficient
identification of donors who present specific serological
markers. The traditional screening method, which often
involves performing indiscriminate laboratory tests on
large donor populations, is a costly and time-consuming
process with a low success rate. This inefficiency not only
increases operational costs but also limits the availability
of valuable and hard-to-source biological materials.

This thesis addresses this challenge by framing it as a
binary classification problem solvable with supervised
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machine learning. The core objective is to develop
BioPredict, a data-driven system designed to predict
the serological status of plasma donors. The project
hypothesizes that a model, trained on historical donor
data, can effectively learn the complex, non-linear rela-
tionships between a donor’s attributes and the presence
of a specific biomarker. By transforming a diverse set of
inputs—spanning demographic, clinical, and behavioral
data—into a high-dimensional feature space, we can
construct a model capable of generating a calibrated risk
score for each donor.

The strategic value of BioPredict for Grifols is cru-
cial. First, it enables the prioritization of testing on donors
with the highest likelihood of being positive, thereby opti-
mizing resource allocation. Second, it aims to significantly
reduce the costs and processing times associated with
screening. Finally, it seeks to improve the availability of
specialized plasma, a critical resource for research and new
product development.

In essence, this project represents a shift from a reac-
tive screening model to a proactive, predictive strategy,
applying data-driven modeling techniques to solve a real
and tangible business challenge in the biopharmaceutical
industry.

Beyond achieving a certain level of predictive accuracy,
it is crucial for this system to be interpretable and its outputs
translatable into actionable business strategies. For Grifols
to trust and deploy this model, understanding why it makes
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certain predictions is as important as what it predicts.
The core business goals driving this project are to:

• Reduce operational costs by minimizing indiscrimi-
nate, low-yield laboratory tests.

• Manage the donor screening process more effi-
ciently, concentrating resources on high-probability
candidates.

• Enable targeted donor campaigns to increase the
supply of valuable and hard-to-source biological ma-
terials.

So, the fundamental contribution of this TFG is the cre-
ation of a model that is not only predictive but also trans-
parent. The system is designed to be deployable in a pro-
duction environment, leveraging the types of data realisti-
cally available within Grifols and providing interpretable
outputs that can directly inform screening priorities. While
this academic project utilizes the NHANES public dataset
as a proxy, the end-to-end pipeline, from data processing
to model interpretation, serves as a robust proof-of-concept
for Grifols’ internal implementation. The selection of Hep-
atitis B as the target pathology was informed by a litera-
ture review which confirmed the viability of using machine
learning for its prediction and highlighted a core set of pre-
dictive features available in the proxy data.

2 STATE OF THE ART AND LITERATURE
REVIEW

The development of the BioPredict model required a suit-
able proxy dataset, as direct access to sensitive internal
donor data was not feasible for this academic project. Af-
ter evaluating several large-scale public health surveys,
the National Health and Nutrition Examination Survey
(NHANES) was selected. This decision was primarily
driven by its unique alignment with the project’s require-
ments: its population is representative of the U.S. demo-
graphic, matching the target donor base for Grifols’ U.S.
operations.

Furthermore, NHANES provides a rich, granular combi-
nation of demographic, behavioral, and clinical variables
alongside the necessary ground-truth laboratory results
for serological markers, making it an ideal resource for
training supervised learning models.

A review of existing literature confirmed the viability
of using machine learning for predicting infectious dis-
eases, with a notable precedent for Hepatitis B (HBV).
Studies such as Kim et al. (2023) have successfully
used NHANES data to develop predictive models for
HBV, achieving high performance (AUC ≈ 0.80) and
demonstrating the predictive power of variables like age,
ethnicity, and clinical history. Furthermore, reviews by Su
& Kao (2024) highlight the efficacy of ensemble methods,
such as Gradient Boosting and Random Forest, in handling
the complexity of HBV-related data, reinforcing the choice
of these algorithms for this project.

The literature consistently identifies a core set of pre-
dictive feature categories, including demographic factors

(age, gender, country of birth), behavioral risks (drug use,
sexual history), and clinical indicators (BMI, vaccination
status). Based on this strong scientific precedent and
the high predictive potential reported in multiple studies,
Hepatitis B (specifically the HBsAg marker) was selected
as the primary target for the BioPredict model. While other
pathologies like Toxoplasmosis were initially considered,
focusing on HBV allowed for the development of a robust,
end-to-end pipeline, with the extension to other biomarkers
identified as a clear direction for future work.

3 SYSTEM DESIGN AND METHODOLOGY

The development of the BioPredict system was guided by
principles from both Agile project management and modern
Machine Learning Operations (MLOps). This dual focus
ensured that the project not only maintained scientific rigor
but was also executed in a manner that was transparent, re-
producible, and aligned with the strategic objectives of the
business. This section details the methodological frame-
work, the data processing pipeline, and the modeling strate-
gies employed.

3.1 Agile Framework and MLOps Principles
The project was executed using an Agile Scrum methodol-
ogy, mirroring the professional environment at Grifols. The
workflow was structured into iterative development cycles
(sprints), each focused on delivering a specific, functional
part of the system. This framework was reinforced by
core Scrum rituals, including brief daily stand-up meetings
to report progress and identify impediments, and regular
sprint reviews to demonstrate completed work. This pro-
cess facilitated a continuous feedback loop with the Grifols
Bio Supplies team, ensuring that technical development
remained consistently aligned with their practical needs
and evolving requirements.

Beyond the project management framework, the tech-
nical architecture was engineered with a strong focus on
MLOps principles to ensure robustness, scalability, and
maintainability.

Modularity and Configurability The entire predictive
pipeline is designed to be highly modular, separating re-
sponsibilities into logical components such as data inges-
tion, preprocessing, model training, evaluation, and inter-
pretability. Crucially, the pipeline is controlled by a central
configuration file (config.yaml), which acts as a con-
trol panel for all experiments. Key parameters—including
the target variable, the feature set to be used, model hy-
perparameters, and data processing steps like normalization
or resampling—can be modified in this file. This design
decouples the experimental setup from the core logic, en-
abling rapid iteration and adaptation—such as switching the
target biomarker or adjusting the feature set—without mod-
ifying the Python source code.

Reproducibility and Versioning Ensuring the scientific
validity and traceability of results was a cornerstone of the
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design. The codebase is managed using Git for version con-
trol. Furthermore, a systematic experiment tracking pro-
tocol was implemented. Each execution of the pipeline
generates a unique, timestamped output directory (e.g.,
run {timestamp}), creating a complete archive of the
experiment. This archive includes the serialized model ob-
ject, a comprehensive log file detailing every step of the pro-
cess, all generated performance metrics, and key visualiza-
tions (e.g., evaluation plots and SHAP analyses). This sys-
tematic approach guarantees full reproducibility—allowing
any result to be precisely replicated—and provides a clear
audit trail for debugging and validation.

3.2 Data Processing Pipeline
A robust and automated data processing pipeline was de-
veloped to transform the raw source data into a clean, suit-
able dataset for model training. The pipeline consists of two
main stages: data ingestion and transformation.

Data Ingestion and Unification The process began with
the raw NHANES data files, provided in the survey-specific
.xpt format. These files, corresponding to multiple sur-
vey years and different data categories (e.g., demographics,
questionnaires, laboratory), were programmatically con-
verted into the standard .csv format. Subsequently, the
relevant files were merged and concatenated into a sin-
gle, cohesive dataset using the unique participant identifier,
SEQN, ensuring a complete record for each individual.

Automated Cleaning and Transformation Once uni-
fied, the dataset underwent a sequence of automated clean-
ing and feature engineering steps implemented within the
pipeline:

1. Target Variable Handling: Records with a missing
value for the target variable (HBsAg) were removed,
as they offer no value for supervised training.

2. Missing Value Imputation: A predefined strategy
was used to handle missing values in feature columns,
typically imputing based on survey-specific codes
(e.g., using ’9’ for ”Don’t Know”).

3. Feature Pruning: To reduce noise and model com-
plexity, features exhibiting excessively high rates of
missingness (e.g., 90%) or near-zero variance (e.g.,
0.01) were programmatically excluded from the anal-
ysis.

4. Feature Scaling: All numerical features were stan-
dardized using the Z-score method. This ensures that
features on different scales contribute equitably to the
model’s learning process, which is critical for many
algorithms.

5. Handling Class Imbalance: To address the sig-
nificant class imbalance inherent in the dataset, the
SMOTE (Synthetic Minority Over-sampling Tech-
nique) was applied. This resampling was performed
exclusively on the training portion of the data within
each cross-validation fold to prevent data leakage and
overly optimistic performance estimates.

3.3 Modeling and Optimization
Following data preparation, the project proceeded to the
modeling phase, which was structured into three key stages:
systematic benchmarking, hyperparameter optimization,
and a final, unbiased evaluation.

Model Benchmarking A comprehensive set of classifica-
tion algorithms was systematically benchmarked to identify
the most promising model architecture for the prediction
task. The performance of each model was evaluated us-
ing Stratified K-Fold Cross-Validation (with k=10). This
technique was specifically chosen to ensure that the class
distribution of the target variable was preserved across all
folds. Models were subsequently ranked based on a pri-
mary performance metric, typically the F1-Score or AUC,
but configurable according to the scope, to guide the selec-
tion for the next stage.

Hyperparameter Optimization The best-performing
model from the benchmarking phase was subjected to
advanced hyperparameter optimization using the Optuna
framework. Optuna employs a Bayesian optimization
approach, guided by a TPE (Tree-structured Parzen Esti-
mator) sampler. This allows for an efficient and intelligent
search of the high-dimensional hyperparameter space,
converging more quickly on the optimal configuration
that maximizes the target evaluation metric compared to
exhaustive methods like Grid Search.

Final Evaluation Upon completion of the optimization
process, the final, tuned model was evaluated one last
time on the unseen hold-out test set. This final evaluation
provides an unbiased estimate of the model’s generaliza-
tion performance on new, independent data, serving as the
definitive measure of its predictive capability in a real-world
scenario.

4 RESULTS AND ANALYSIS

The analysis begins with an Exploratory Data Analysis
(EDA) to understand the fundamental characteristics of the
dataset. Following this, the performance of the predictive
models is evaluated, and the results are interpreted to ex-
tract actionable, business-relevant insights.

4.1 Exploratory Data Analysis (EDA)
The initial analysis was intentionally constrained to a lim-
ited set of features to establish a baseline model that simu-
lates the data readily available within Grifols’ Bio Supplies
unit. This approach allows for an evaluation of the predic-
tive power derived solely from core demographic variables:
Age, Gender, and Race Ethnicity. The target vari-
able for this analysis is Hepatitis B, a binary indicator
representing the presence (1) or absence (0) of the target
marker.

4.1.1 Target Variable Distribution

As illustrated in Figure 2, the dataset exhibits a significant
class imbalance. The negative class (Hepatitis B absent, 0)
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Fig. 1: Distributions of the predictor variables (Age,
Gender, Race Ethnicity) (top row) and their relation-
ship with the Hepatitis B target variable (bottom row).
The analysis reveals varying distributions and potential pre-
dictive power across features.

Fig. 2: Distribution of the target variable, Hepatitis B,
shown in absolute counts and as a percentage. The signifi-
cant class imbalance (31.9% Positive) is a critical consider-
ation for model training and evaluation.

constitutes 68.1% of the samples, while the positive class
(Hepatitis B present, 1), which is the primary target of in-
terest for Grifols’ donor screening, represents only 31.9%.
This imbalance has critical implications for the modeling
process. Standard accuracy would be a misleading metric,
as a naive model could achieve high accuracy by simply
predicting the majority class. Consequently, this observa-
tion validates the methodological decision to employ tech-
niques like SMOTE (Synthetic Minority Over-sampling
Technique) for resampling the training data and to priori-
tize evaluation metrics that are robust to imbalance, such
as the F1-Score, Area Under the ROC Curve (AUC),
and Matthews Correlation Coefficient (MCC). For Gri-
fols, accurately identifying this smaller positive cohort is
paramount for efficient resource allocation.

4.1.2 Predictor Variable Analysis

An analysis of the core predictor variables (Figure 1) pro-
vides initial insights into their potential utility for the clas-
sification task.

Age The Age distribution in the dataset is right-skewed,
indicating a larger proportion of younger individuals. When

examining its relationship with Hepatitis B status, the box-
plot reveals a notable difference: the median age of the
Hepatitis B positive group is visibly lower than that of
the negative group. This suggests that Age is a potentially
valuable predictor, with younger age potentially associated
with a higher likelihood of being positive in this specific
dataset.

Gender The Gender variable is almost perfectly bal-
anced within the dataset. However, the proportion of pos-
itive Hepatitis B cases appears nearly identical across
both genders when viewed in isolation. This initial observa-
tion suggests that Gender, on its own, might offer limited
direct predictive power for this specific serological marker,
though it could interact with other features in a more com-
plex model.

Race/Ethnicity In contrast, the Race Ethnicity fea-
ture demonstrates significant potential. The distribution
across its five categories is unequal, with some categories
being more prevalent than others. More importantly, the
prevalence of positive Hepatitis B cases varies notice-
ably across these ethnic groups. The visual differences
in the proportion of positive instances (represented by the
brown segment of the bars in Figure 1) indicate that this fea-
ture is likely to be a strong predictor and a key driver of the
model’s decisions. This aligns with known epidemiologi-
cal patterns where Hepatitis B prevalence can differ among
various ethnic populations due to historical exposure, vac-
cination rates, and other socio-cultural factors.

4.1.3 Feature Correlation Analysis

To further understand the linear relationships between the
baseline features and the target variable, Hepatitis B, a
Pearson correlation matrix was generated, as shown in Fig-
ure 3.

Fig. 3: Pearson Correlation Matrix for the baseline features
(Age, Gender, Race Ethnicity) and the target vari-
able (Hepatitis B).

The correlation matrix reveals the following pairwise lin-
ear relationships:

• Age vs. Hepatitis B (-0.28): This shows a mod-
erate negative linear correlation. It quantitatively sup-
ports the observation from the boxplots that lower age
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is associated with a higher likelihood of testing pos-
itive for Hepatitis B in this dataset. For Grifols, this
suggests that age might be a useful initial filter, al-
though the reasons for this trend (e.g., cohort effects
related to vaccination programs in the US) would re-
quire further investigation beyond the scope of this
model.

• Race Ethnicity vs. Hepatitis B (0.099): The
linear correlation is weak positive. This low value in-
dicates that a simple linear model might not capture the
full predictive power of Race Ethnicity. How-
ever, as noted in the visual EDA (Figure 1), specific
categories within Race Ethnicity show distinct
prevalence rates, implying a more complex, non-linear
relationship that tree-based models like XGBoost are
adept at identifying.

• Gender vs. Hepatitis B (0.017): This indicates
a very weak, almost negligible linear correlation. This
reinforces the earlier observation that Gender, when
considered independently, has limited linear predictive
power for Hepatitis B in this dataset.

• Inter-feature Correlations: The correlations be-
tween the predictor variables themselves are also
very low (e.g., Gender vs. Age: 0.03;
Gender vs. Race Ethnicity: -0.014; Age vs.
Race Ethnicity: 0.043). This lack of strong mul-
ticollinearity is generally beneficial for model stability
and interpretability, as it means the features provide
relatively independent pieces of information.

In summary, the EDA, including the correlation analysis,
confirms that even with a limited, business-aligned feature
set, there are discernible patterns (Age showing a moder-
ate linear relationship, and Race Ethnicity hinting at
non-linear predictive value) that a machine learning model
can potentially leverage to distinguish between positive and
negative cases for Hepatitis B.

4.2 Model Performance Evaluation
Following the exploratory analysis, the core modeling
phase was executed to quantify the predictive power of the
selected demographic features. This involved systemati-
cally benchmarking a suite of algorithms to identify the
most suitable architecture, followed by a rigorous optimiza-
tion and evaluation process to determine the final model’s
performance on unseen data. The insights gained from this
evaluation are critical for understanding the model’s capa-
bilities and its potential value to Grifols.

4.2.1 Benchmarking Results: Identifying Promising
Candidates

To ensure a data-driven approach to model selection, a com-
prehensive suite of classification algorithms was initially
benchmarked. This process involved training each algo-
rithm on the training dataset—balanced using the SMOTE
technique to address the inherent class imbalance—and
evaluating its performance using Stratified 10-Fold Cross-
Validation. The primary metrics for comparison were

ROC-AUC, reflecting overall discriminative power, and F1-
Score, representing the balance between precision and re-
call. Table 1 summarizes these cross-validation perfor-
mances.

TABLE 1: Cross-Validation Performance of Benchmarked
Models on the Training Set (Ranked by Accuracy). This
initial screening identified Gradient Boosting as the most
promising architecture.

Model Acc. AUC Recall Prec. F1 Kappa MCC

Gradient Boosting Classifier 0.7205 0.7259 0.3992 0.5935 0.4763 0.2958 0.3071
Light Gradient Boosting Machine 0.7191 0.7094 0.3944 0.5901 0.4720 0.2912 0.3025
Ada Boost Classifier 0.7158 0.7237 0.3759 0.5853 0.4561 0.2769 0.2898
Extra Trees Classifier 0.6927 0.6661 0.3266 0.5305 0.4034 0.2124 0.2240
Decision Tree Classifier 0.6921 0.6650 0.3266 0.5292 0.4030 0.2114 0.2229
Quadratic Discriminant Analysis 0.6880 0.6843 0.1446 0.5555 0.2270 0.1086 0.1489
Ridge Classifier 0.6857 0.6794 0.1614 0.5230 0.2460 0.1137 0.1449
Random Forest Classifier 0.6857 0.6708 0.3748 0.5106 0.4316 0.2218 0.2271
Naive Bayes 0.6849 0.6761 0.1565 0.5208 0.2403 0.1094 0.1409
Logistic Regression 0.6823 0.6793 0.1906 0.5062 0.2765 0.1239 0.1482
Linear Discriminant Analysis 0.6821 0.6794 0.1923 0.5061 0.2783 0.1246 0.1487
K Neighbors Classifier 0.6818 0.6586 0.3797 0.5024 0.4318 0.2170 0.2214
SVM - Linear Kernel 0.6818 0.6440 0.0130 0.0571 0.0211 0.0106 0.0151
Dummy Classifier 0.6807 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000

The benchmarking results in Table 1 show that the Gra-
dient Boosting Classifier is the undisputed top-performing
model across all key metrics, including Accuracy (0.7205),
AUC (0.7259), Precision (0.5935), Recall (0.3992), and F1-
Score (0.4763). This provides a clear and data-driven direc-
tion for the project.

From a business perspective, these results are promising
but also highlight areas for improvement. The Precision
of 0.59 suggests that when the model identifies a donor as
positive, it is correct nearly 60% of the time, significantly
reducing wasted tests compared to random screening. How-
ever, the Recall of 0.40 is a critical point of concern for Gri-
fols. This metric indicates that the model, in its default con-
figuration, is only able to identify 40% of the total true pos-
itive donors in the population. While efficient, this would
leave 60% of valuable, hard-to-find donors undiscovered.
The F1-Score of 0.4763 reflects this challenging trade-off
between finding positive donors and avoiding false alarms.

Therefore, while the Gradient Boosting algorithm is
clearly the most suitable architecture, its out-of-the-box per-
formance is not yet optimal for Grifols’ dual objectives of
maximizing yield (Recall) and controlling costs (Precision).
This motivated the decision to select Extreme Gradient
Boosting (XGBoost), a highly optimized and powerful im-
plementation of the gradient boosting algorithm, for an in-
tensive hyperparameter optimization phase. The goal of this
next step is to leverage XGBoost’s extensive tunability to
improve upon these benchmark results, specifically aiming
to increase the Recall and F1-Score to develop a model that
is not only predictive but also delivers maximum strategic
value.

The optimization process successfully improved the
model’s overall discriminative power, as evidenced by the
increase in ROC-AUC from the benchmark’s best of 0.7259
to a final 0.7495. From a business perspective, the most sig-
nificant change is the shift in the Precision-Recall balance.
The optimized model demonstrates a notable increase in
Precision for the positive class (from 0.59 to 0.64). This is a
significant win from a cost-saving perspective, as it means
that for every 100 donors the model flags as positive, 64 will
be correct, reducing the number of wasted follow-up tests.

However, this gain in precision comes at a cost to Recall,



6 EE/UAB FINAL DEGREE PROJECT IN ARTIFICIAL INTELLIGENCE: TITLE (ABBREVIATED IF TOO LONG)

TABLE 2: Final Performance Metrics of the Optuna-
Optimized XGBoost Model on the Hold-Out Test Set
(N=1653). These metrics reflect the model’s generalization
capability on unseen donor data.

Metric Value

Accuracy 0.7320
ROC-AUC 0.7495
F1-Score (Positive Class 1) 0.4600
Precision (Positive Class 1) 0.6400
Recall (Positive Class 1) 0.3674
F1-Score (Weighted Avg) 0.7079
Precision (Weighted Avg) 0.7167
Recall (Weighted Avg) 0.7320
Matthews Correlation Coeff. (MCC) 0.2885
Cohen’s Kappa 0.2878

Fig. 4: Optuna Optimization Iterations

which decreased from the benchmark’s 0.40 to 0.37. This
indicates the model has become more conservative, identi-
fying a smaller fraction of the total positive donors. The
F1-Score, which balances these two metrics, saw a slight
decrease from 0.4763 to 0.4600. This trade-off is critical:
the optimized model is more cost-effective for the donors it
identifies, but it misses more potential positive cases. This
highlights a key strategic decision for Grifols: depending
on the relative cost of a missed opportunity versus a wasted
test, the model’s prediction threshold can be adjusted to fa-
vor either higher Recall or higher Precision to align with
specific business goals, since the parameter focus optimiza-
tion on Optuna can be modified accordingly to the model
expectations.

Confusion Matrix: Interpreting Prediction Outcomes
for Grifols The confusion matrix for the Optuna-
optimized XGBoost model on the test set is presented in
Figure 5. This matrix is crucial for understanding the prac-
tical implications of the model’s predictions in the context
of Grifols’ operations.

The matrix reveals:

• True Positives (TP = 199): The model correctly iden-
tified 199 donors who genuinely have Hepatitis B. For
Grifols, these are successful identifications, enabling
targeted confirmatory testing and efficient sourcing of
valuable plasma.

• True Negatives (TN = 996): The model correctly
identified 996 donors who do not have Hepatitis B.

Fig. 5: Confusion Matrix for the Optuna-Optimized XG-
Boost Model on the Test Set (N=1653). Class 0: No Hep-
atitis B, Class 1: Hepatitis B. TN=996, FP=129, FN=329,
TP=199.

This translates directly into cost savings by avoiding
unnecessary laboratory tests on a large segment of the
donor population.

• False Positives (FP = 129): The model incorrectly
flagged 129 Hepatitis B-negative donors as positive.
Each False Positive represents an avoidable cost for
Grifols, as these donors would undergo confirmatory
testing only to be found negative.

• False Negatives (FN = 329): The model incorrectly
classified 329 Hepatitis B-positive donors as negative.
These are missed opportunities and constitute the most
critical error type from a resource acquisition stand-
point, as these valuable donors would not be priori-
tized for screening.

5 MODEL INTERPRETATION AND BUSINESS
IMPACT

Beyond achieving a certain level of predictive accuracy, it
is crucial for this system to be interpretable and its outputs
translatable into actionable business strategies. For Grifols
to trust and deploy this model, understanding why it makes
certain predictions is as important as what it predicts. This
section leverages the SHAP (SHapley Additive exPlana-
tions) framework to interpret the optimized XGBoost model
trained on the baseline features, followed by an analysis of
its direct business value using gain and decile charts.

5.1 Feature Importance and Interpretation
(SHAP)

SHAP values provide a robust, theoretically grounded
method for explaining the output of machine learning mod-
els. They quantify the contribution of each feature to the
prediction for each individual instance, allowing for both
global and local interpretability.

Global Feature Importance: Identifying the Key
Drivers To understand which features have the most in-
fluence on the model’s predictions overall, we analyze the
mean absolute SHAP value for each feature. This metric,
shown in Figure 6, ranks features by their average impact
on the model’s output magnitude, irrespective of direction.

The ranking confirms the insights from the initial EDA:
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Fig. 6: Global Feature Importance for the Baseline Model,
ranked by mean absolute SHAP value. Age is clearly the
most impactful feature.

1. Age: Is unambiguously the most influential feature,
with a mean SHAP value magnitude of approximately
0.6. This indicates that, on average, a donor’s age has
the largest impact on shifting their predicted risk score.

2. Race Ethnicity: Ranks as the second most im-
portant feature, with roughly half the impact of Age.
Its contribution is still substantial and critical to the
model’s performance.

3. Gender: Has a significantly lower impact compared
to the other two features, confirming its role as a minor
predictor in this specific model configuration.

Detailed Feature Impact: The SHAP Summary Plot
The SHAP Summary Plot, often called a beeswarm plot
(Figure 7), provides a much richer understanding than a
simple bar chart. It shows not only the magnitude of each
feature’s impact (its position on the x-axis) but also its di-
rection, while the color indicates the feature’s original value
for each individual donor (Red = High, Blue = Low).

Fig. 7: SHAP Summary Plot for the Baseline Model. Each
dot is a donor. The color represents the feature’s value
(High/Low), and its x-position shows its impact on the pre-
diction (positive SHAP values increase the predicted risk of
Hepatitis B).

Interpreting the plot reveals the nuanced logic learned by
the model:

• Age: The plot shows a clear and consistent trend. Blue
dots (lower age values) are predominantly on the right
side of the zero line, contributing positive SHAP val-
ues. This means the model has learned that lower age
increases the predicted likelihood of having Hep-
atitis B. Conversely, red/purple dots (higher age val-
ues) are on the left, contributing negative SHAP val-
ues, thus decreasing the predicted risk. This aligns
with the negative correlation found in the EDA and is
a clinically plausible finding in the context of the US
population, where older cohorts may have higher rates
of resolved infection or different historical risk ex-
posures, while some younger populations might have
lower vaccination uptake or different risk behaviors.

• Race Ethnicity: The feature is encoded as: 1
(Mexican American), 2 (Other Hispanic), 3 (Non-
Hispanic White), 4 (Non-Hispanic Black), and 5
(Other Race/Multi-Racial).

– The plot shows a large cluster of purple-red dots
(corresponding to values 4 and 5: Non-Hispanic
Black and Other Race) on the right side of
the zero line. This indicates that the model has
learned that individuals from these groups have
a higher predicted likelihood of Hepatitis B, as
these features contribute positive SHAP values.

– Conversely, there is a dense cluster of light-blue
dots (corresponding to value 3: Non-Hispanic
White) primarily on the left side, contributing
negative SHAP values. This means being in this
group significantly lowers the predicted risk.

– The bluest dots (value 1: Mexican American)
are spread more centrally but also show a ten-
dency to be on the left, suggesting they also con-
tribute to a lower predicted risk, though perhaps
less strongly than for Non-Hispanic Whites.

This demonstrates that the model is not using a sim-
ple linear trend but has learned that specific ethnic
categories are associated with different levels of
risk. This aligns with epidemiological data from the
CDC, which historically shows a higher prevalence
of chronic Hepatitis B among Non-Hispanic Black
and some Asian populations (often categorized under
”Other Race”) compared to Non-Hispanic White pop-
ulations in the United States. The model has success-
fully captured these well-documented demographic
risk disparities from the data.

• Gender: The plot for Gender confirms its minor
role. The dots are tightly clustered around zero, indi-
cating a small impact on the final prediction for most
individuals. There is a slight tendency for one gender
(e.g., blue dots, perhaps representing males if encoded
as a lower number) to have slightly positive SHAP val-
ues, but the effect is weak and not as clear-cut as with
Age or Race/Ethnicity.

Local Interpretability: Explaining a Single Prediction
Beyond global trends, SHAP can explain individual predic-
tions, making the model’s logic transparent on a case-by-
case basis. The waterfall plot in Figure 8 deconstructs the
prediction for a single donor.

Fig. 8: SHAP Waterfall Plot explaining a single prediction.
It shows how the base prediction (E[f(X)] = −0.774) is
modified by each feature’s contribution to arrive at the final
log-odds output (f(x) = −1.524).
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For this specific donor, who was likely predicted as neg-
ative for Hepatitis B (as f(x) = −1.524 is a low log-odds
value):

• The prediction starts at the base value (E[f(X)] =
−0.774), which is the average prediction across the
entire dataset.

• The donor’s Age of 41 contributes a large negative
push of -0.56, significantly decreasing their risk score.
This is consistent with the global trend where higher
age lowers risk.

• Their Race Ethnicity of 3 contributes a smaller
negative push of -0.16.

• Their Gender of 1 has a negligible negative impact of
-0.02.

These individual feature contributions are summed up,
moving the prediction from the average baseline to the final,
specific output for this donor. This level of transparency
is invaluable for Grifols, as it would allow an analyst or
clinician to review why a particular donor was flagged (or
not flagged) by the model, building trust and facilitating a
human-in-the-loop validation process.

In conclusion, the SHAP analysis confirms that the
model’s decision-making is logical and based on the pat-
terns identified in the EDA. It relies heavily on Age and
Race/Ethnicity, treating them with a nuance that aligns with
epidemiological expectations. This interpretability is a cor-
nerstone for transitioning the BioPredict model from an aca-
demic exercise to a trusted operational tool within Grifols.

5.2 Business-Facing Analysis and Impact
The ojective of BioPredict’s success is its ability to deliver
tangible, operational value to Grifols, Cumulative Gains
and Decile charts are indispensable for translating predic-
tive performance into actionable strategies for cost savings
and resource optimization. These analyses directly answer
the critical business question: ”How much more efficiently
can we find our target donors by using this model?”

5.2.1 Cumulative Gains: Quantifying Efficiency

The Cumulative Gains chart, presented in Figure 9, is a
powerful visualization of the model’s efficiency compared
to a random screening approach. It plots the percentage of
total positive cases found (the ”gain”) against the percent-
age of the donor population that would need to be screened,
after ranking all donors by the model’s predicted risk score.

The significant gap between the model’s performance
(blue line) and the random baseline (grey dashed line) illus-
trates the immense operational advantage offered by Bio-
Predict:

• High-Efficiency Targeting: By screening just the top
30% of donors whom the model deems most likely to
be positive, Grifols can expect to identify 54% of all
available Hepatitis B positive individuals in the pop-
ulation. In contrast, a random screening of 30% of
the population would, on average, only find 30% of
the positives. This represents a lift of 1.8x (54% /
30%), meaning the model is 80% more efficient at

Fig. 9: Cumulative Gains Chart for the Optimized XGBoost
Model. The blue line shows the percentage of total posi-
tive donors identified by screening a given percentage of the
highest-risk population, as ranked by the model. The grey
dashed line represents random screening. The red dashed
line represents the ideal perfect model.

finding positive cases within this segment than random
chance.

• Strategic Resource Allocation: The chart allows for
strategic planning. For example, to find approximately
83% of all positive donors, the model indicates that
Grifols would need to screen the top 60% of the pop-
ulation. This allows decision-makers to balance the
desired yield of positive plasma units against the avail-
able budget for confirmatory testing.

This analysis demonstrates that the model acts as a pow-
erful focusing lens, allowing Grifols to concentrate its ex-
pensive and time-consuming laboratory testing on a much
smaller, higher-probability subset of donors, thereby maxi-
mizing the return on its screening investment.

5.2.2 Decile Analysis: An Actionable Roadmap for
Screening

While the gains chart shows cumulative benefit, the Decile
Chart (Figure 10) provides an even more granular and oper-
ationally intuitive breakdown. It segments the donor pop-
ulation, ranked by the model’s risk score, into ten equal
groups (deciles) and shows the number of actual positive
cases found within each. This provides a clear, step-by-step
roadmap for a prioritized screening strategy.

The decile chart starkly illustrates the model’s ability to
concentrate positive cases in the top-ranking groups:

• Decile 1 (Top 10%): By testing only this highest-risk
group (approx. 166 donors in the test set), the model
successfully identifies 110 positive cases. The preci-
sion or ”hit rate” within this decile is an exceptional
66.3% (110 out of 166). This single decile captures
110 out of the 528 total positives, or 20.8% of the en-
tire positive population.

• Deciles 2 and 3: The second decile adds another 100
positive cases (60.6% precision), and the third adds
75 more (45.5% precision). By screening just the top
three deciles (30% of donors), Grifols would identify
a total of 110 + 100 + 75 = 285 positive cases, con-
firming the 54% gain shown in the previous chart.
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Fig. 10: Distribution of Positive Hepatitis B Cases Found
per Decile. Donors are ranked by the model’s prediction
score (Decile 1 = Top 10% highest risk). The bars show the
absolute number of positives found, while the percentages
indicate the ”hit rate” (precision) within each decile.

• Diminishing Returns: The number of positives found
drops off sharply in the lower deciles. Decile 10, rep-
resenting the donors the model deems least likely to
be positive, contains only 11 positive cases, for a low
hit rate of 6.6%. Screening this group would be highly
inefficient.

Translating Insights into Cost Savings: An Example
Let’s illustrate the direct financial impact. Assume the goal
is to find approximately 285 positive donors.

• Without the Model (Random Screening): The over-
all prevalence of positive cases in the test set is
528/1653 ≈ 31.9%. To find 285 positives through
random screening, Grifols would need to test approxi-
mately 285/0.319 ≈ 893 donors.

• With the BioPredict Model: According to the decile
chart, to find 285 positives, Grifols only needs to test
the donors in the top three deciles. The total number
of donors in these three deciles is approximately 166×
3 = 498 donors.

In this scenario, deploying the BioPredict model would al-
low Grifols to achieve its goal by performing 395 fewer
tests (893 − 498), a reduction of over 44% in the required
screening volume. If each confirmatory test costs a signif-
icant amount in reagents, equipment time, and labor, this
reduction translates directly into substantial and recurring
operational cost savings. Grifols can use this decile-based
framework to define a dynamic screening strategy based on
their weekly or monthly targets for positive plasma units,
ensuring maximum efficiency and a more predictable sup-
ply chain for this valuable resource.

5.2.3 Impact of Feature Set: From Baseline to En-
hanced Model

To test the hypothesis that a richer donor profile improves
predictive accuracy, an ”enhanced” model was trained using
an expanded set of features. These variables were selected
based on established literature and known epidemiological
risk factors for Hepatitis B, representing non-laboratory
data that Grifols could potentially collect. For instance,

Injected Drugs Ever was included due to the high
scientific correlation between intravenous drug use and
Hepatitis B transmission through shared needles. Similarly,
Dental Visit Reason was chosen as a proxy for
potential exposure to non-sterilized equipment in certain
settings, a known, albeit less common, transmission route.
The full enhanced set also included socio-demographic
and health markers like Country of Birth,
Education Level, Income to Poverty Ratio,
and Waist Circumference.

Feature Importance in the Enhanced Model SHAP
(SHapley Additive exPlanations) analysis was used to eval-
uate the contribution of each feature in the optimized en-
hanced model. The global feature importances are ranked
in Figure 11.

Fig. 11: Global Feature Importances (Mean Absolute
SHAP Value) for the optimized model trained with the en-
hanced feature set. Features are ranked by their average
impact on model output.

The SHAP analysis reveals that Age and
Race Ethnicity remain the most dominant predictors,
highlighting the foundational importance of core demo-
graphics. Among the new features, Country of Birth
and Waist Circumference contribute meaning-
fully, suggesting that nativity (and potential exposure
in endemic regions) and general health status are valu-
able signals. Interestingly, established risk factors like
Injected Drugs Ever rank lower in this model. This
could be due to low prevalence of this behavior in the
dataset sample or because its predictive signal is already
partially captured by other correlated socioeconomic
features. The very low ranking of Gender is consistent
across both baseline and enhanced models, confirming its
limited direct impact in this context.

Performance Uplift and Discussion The primary goal of
expanding the feature set was to increase predictive per-
formance. Table 3 compares the final metrics of the opti-
mized 3-feature baseline model against the new optimized
enhanced model on the test set.

The results indicate that while incorporating a richer
feature set does provide a performance uplift, the gains
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TABLE 3: Performance Comparison: Optimized Baseline
Model (XGBoost, 3 Features) vs. Optimized Enhanced
Model (All Features) on the Test Set.

Model Configuration Acc. AUC Recall (Cls 1) Prec. (Cls 1) F1 (Cls 1)

Baseline (XGBoost, 3 Feat.) 0.7320 0.7495 0.3674 0.6400 0.4666
Enhanced (All Features) 0.7344 0.7555 0.4100 0.6300 0.5000

Uplift / Change +0.0024 +0.0060 +0.0426 -0.0100 +0.0334
Rel. Uplift (%) +0.33% +0.80% +11.6% -1.56% +7.16%

Cls 1 refers to the Hepatitis B positive class. Its F1-Score, Recall, and
Precision are the most critical metrics for Grifols’ business case.

are modest. The overall accuracy improved marginally to
0.7344. More importantly for the business objective, the
F1-Score for the positive class (Class 1) improved from
0.4666 to 0.5000, a relative increase of over 7%. This
improvement was driven by a notable 11.6% relative in-
crease in Recall (from 37% to 41%), meaning the enhanced
model is able to identify a larger fraction of the true positive
donors.

In summary, the enhanced feature set provides a slightly
better model. The improvement in identifying valuable pos-
itive donors (higher recall and F1-score for Class 1) vali-
dates the inclusion of additional donor attributes. However,
the modest nature of the overall performance gain suggests
that the core demographic variables carry the majority of
the predictive weight in this dataset. For Grifols, this im-
plies that even a simple model with basic demographic data
can be surprisingly effective, and while collecting more data
is beneficial, it may yield diminishing returns.

6 DEMO DEPLOYMENT AND APPLICATION

To translate the model’s predictive power into a tangible
business tool, a web-based demonstration was developed
using the Streamlit framework. This interactive application
serves as a proof-of-concept, showcasing how the BioPre-
dict system can be operationalized for stakeholders at Gri-
fols.

Fig. 12: The BioPredict Streamlit demo, showing the inter-
active input form and the resulting prediction analysis with
a calibrated risk score.

Interactive Interface As shown in Figure 14, the inter-
face allows non-technical users to input hypothetical donor
data using intuitive controls like sliders and dropdowns. A
key feature is the ability to switch between the baseline
(demographics-only) and the enhanced (full-feature) mod-
els, enabling a direct comparison of their predictive outputs
and demonstrating the value of additional data collection.

Fig. 13: The BioPredict Streamlit demo visualization 2.

Actionable and Interpretable Results Upon submitting
the data, the demo provides more than a simple binary out-
come. The output is designed to be directly actionable:

• Prediction: A clear ”Positive” or ”Negative” classifi-
cation.

• Calibrated Risk Score: The application displays a
precise probability of the donor being positive. This
is a calibrated score, meaning a predicted 70% prob-
ability corresponds to a true, real-world likelihood of
70%. This is crucial for risk stratification, allowing
Grifols to prioritize a donor with a 90% predicted risk
over one with a 60% risk. The method for achieving
this calibration is detailed in Section 6.1.

• Clinical Interpretation: A brief text summary trans-
lates the prediction into a recommended business ac-
tion, such as ”Prioritize for confirmatory testing.”

This interactive tool effectively transforms the complex
model into an operational prototype, enabling stakeholders
to explore diverse donor profiles and understand the model’s
value in a tangible, accessible format.

6.1 Model Calibration for Reliable Risk
Scores

Powerful classifiers like XGBoost are optimized for dis-
crimination (correctly separating classes) but their raw
probability outputs are often not well-calibrated. For in-
stance, the model might assign a 90% probability to a group
of donors where, in reality, only 75% are positive. Model
calibration is a crucial post-processing step to adjust these
scores so they accurately reflect the true likelihood of an
outcome, specially when data is augmented in unbalanced
classes.

The process involves training the primary XGBoost
model and then using a separate, unseen validation set to
train a second, simpler ”calibrator” model. This calibra-
tor learns to map the XGBoost model’s potentially skewed
probabilities to new, reliable probabilities. The initial cali-
bration error is assessed using a reliability diagram, which
plots predicted probabilities against the actual fraction of
positives.

Two primary calibration methods were considered:

• Platt Scaling: Uses a parametric logistic regression
model. It is effective for correcting simple, sig-
moidal (S-shaped) distortions and is robust on smaller
datasets.
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• Isotonic Regression: A more powerful, non-
parametric method that fits a non-decreasing function.
It can correct more complex distortions but requires
more data to avoid overfitting.

For this project, Isotonic Regression was applied to the
model’s outputs. The final predictive system used in the
demo therefore consists of the primary XGBoost model fol-
lowed by the trained Isotonic Regression calibrator, ensur-
ing the probability scores are trustworthy and directly us-
able for business risk assessment.

Fig. 14: Calibration Curve

7 CONCLUSIONS

This project was successfully developed accordingly to
what Grifols initially expected, the work culminated in
an optimized and interpretable machine learning model
that demonstrates significant potential to reduce operational
costs and enhance the supply of valuable biological materi-
als for the unit.

A central requirement of this project was to develop
a model that aligns with the data currently and realisti-
cally available within Grifols’ operational systems, specif-
ically the core demographic variables of age, gender, and
race/ethnicity. This constraint was intentionally embraced
to create a solution with a high and immediate return on in-
vestment (ROI), without requiring investment in new, costly
data collection initiatives. The final model, built on just
these three features, proved to be a highly effective, ready-
to-use tool. While an enhanced model with additional vari-
ables showed a modest performance uplift, the success of
the baseline model validates the core strategy: leveraging
existing data assets to their fullest potential.

The final model’s performance represents a dramatic im-
provement over indiscriminate or random screening. As
demonstrated by the business impact analysis, the model
acts as a powerful focusing lens, enabling Grifols to con-
centrate its resources on a small, high-probability segment
of the donor population. This targeted approach translates
directly into substantial cost savings from avoided labora-
tory tests and a more predictable and efficient donor man-
agement process.

While the use of the NHANES public dataset served as
an effective proxy, the primary limitation of this work is the
absence of validation on Grifols’ proprietary donor data.
Therefore, the immediate future work involves deploying
this end-to-end pipeline to train and validate the model
on internal data, which would likely uncover new pat-
terns and further improve performance. Subsequent steps
should include expanding the system to predict other valu-
able biomarkers and integrating the developed dashboard
into Grifols’ production environment to facilitate daily op-
erational use.

In conclusion, BioPredict serves as a successful proof-of-
concept, demonstrating that a well-designed, interpretable
machine learning model can transform a reactive, costly
screening process into a proactive, efficient, and data-driven
strategy. The project delivers a clear and actionable path-
way for Grifols to optimize resources, reduce costs, and
ultimately strengthen its supply chain for critical biophar-
maceutical products.
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ANNEX

The complete source code for this project, including all
data processing pipelines, model training scripts, and the
Streamlit demonstration, is publicly available in the official
GitHub repository:

Link to Project GitHub Repository

Additionally, this project was supported by a comprehen-
sive preliminary study on the early prediction of Hepatitis
B and other pathologies. The full research notes, compiled
in Spanish, can be accessed via the following link:

Link to Supplementary Research Document

TECHNICAL APPENDIX

This appendix provides a brief technical overview of key
concepts and techniques employed in this project.

A Data Preprocessing and Resampling
Stratified K-Fold Cross-Validation Cross-validation is
a resampling technique used to evaluate a model’s perfor-
mance on unseen data by partitioning the data into com-
plementary subsets. In K-Fold cross-validation, the dataset
is split into K folds (subsets). The model is trained on K-
1 folds and validated on the remaining fold, a process re-
peated K times. Stratified K-Fold is a crucial variation
used for imbalanced datasets, as in this project. It ensures
that each fold maintains the same percentage of samples for
each class as the complete dataset [22]. This prevents sce-
narios where a fold might, by chance, contain very few or
no samples of the minority class, which would lead to an
unreliable evaluation of the model’s performance.
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SMOTE (Synthetic Minority Over-sampling Technique)
Class imbalance, where one class significantly outnumbers
the other, can bias a model towards the majority class.
SMOTE is an advanced over-sampling technique designed
to mitigate this issue [14]. Instead of simply duplicating
minority class instances, SMOTE generates new, synthetic
samples. For each minority class instance, it identifies its
k-nearest minority class neighbors and creates a synthetic
sample along the line segment joining the instance and one
of its chosen neighbors. This results in a more diverse and
robust training set, helping the model learn the decision
boundary for the minority class more effectively.

B Hyperparameter Optimization
Bayesian Optimization Finding the optimal hyperpa-
rameters for a model can be computationally expensive.
Bayesian Optimization is an intelligent optimization strat-
egy that is more efficient than exhaustive methods like Grid
Search. It builds a probabilistic ”surrogate model” of the
objective function (e.g., the model’s F1-score as a func-
tion of its hyperparameters). This surrogate model is then
used to intelligently select the next set of hyperparameters
to evaluate, focusing on regions of the parameter space that
are most likely to yield improvement.

TPE (Tree-structured Parzen Estimator) TPE is a spe-
cific algorithm used for Bayesian Optimization and is the
default sampler in the Optuna framework [18]. Instead of
modeling the objective function directly, TPE models two
separate probability distributions: one for hyperparameters
associated with ”good” scores (e.g., high F1) and another
for those with ”bad” scores. At each iteration, it samples
candidate hyperparameters that are more likely under the
”good” distribution and less likely under the ”bad” one, al-
lowing it to efficiently converge towards an optimal config-
uration.

C Performance Evaluation Metrics for Im-
balanced Data

Matthews Correlation Coefficient (MCC) The MCC is
a highly robust metric for binary classification, particu-
larly on imbalanced datasets [16]. It is a correlation co-
efficient between the observed and predicted classifications
and takes into account all four values in the confusion ma-
trix (TP, TN, FP, FN). Its value ranges from -1 (total dis-
agreement) to +1 (perfect prediction), with 0 indicating a
performance no better than random guessing. A high MCC
score is only achieved if the classifier obtains good results
in all four confusion matrix categories, making it a balanced
and reliable measure.

Cohen’s Kappa Cohen’s Kappa (κ) measures the agree-
ment between two raters, or in this case, between the
model’s predictions and the ground truth. Crucially, it ac-
counts for the possibility of agreement occurring by chance
[17]. A Kappa score of 1 represents perfect agreement,
0 represents agreement equivalent to random chance, and
negative values indicate agreement worse than chance. It
provides a more robust measure than simple accuracy on

imbalanced datasets because it penalizes models that sim-
ply predict the majority class.

D Model Interpretability
SHAP (SHapley Additive exPlanations) Understanding
why a model makes a certain prediction is crucial for build-
ing trust and deploying it in a business context. SHAP is
a game theory-based framework for explaining the output
of any machine learning model [15]. It calculates Shapley
values, which represent the contribution of each feature to
pushing the model’s output from a baseline value (the aver-
age prediction) to the final prediction for a specific instance.
This allows for both global interpretability (which features
are most important overall) and local interpretability (why
a specific donor received a high-risk score).

E Model Calibration
Brier Score The Brier score is a proper score function
that measures the accuracy of probabilistic predictions [21].
It is the mean squared error between the predicted probabil-
ities and the actual outcomes (0 or 1). A lower Brier score
indicates better calibration, meaning the model’s predicted
probabilities are more reliable. A score of 0 represents a
perfect model.

Platt Scaling and Isotonic Regression Powerful models
like XGBoost often produce poorly calibrated probabilities.
Calibration is a post-processing step to correct this.

• Platt Scaling fits a simple logistic regression model
to the classifier’s outputs. It is effective for correcting
sigmoidal (S-shaped) distortions in probabilities [19].

• Isotonic Regression is a more powerful, non-
parametric method that fits a non-decreasing,
piecewise-constant function [20]. It can correct
more complex calibration errors but is more prone to
overfitting on small datasets. For this project, Isotonic
Regression was chosen to ensure the risk scores
presented in the demo were as reliable as possible.


