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Introduction: What is IDA and why is it important to diagnose it 
early?
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IDA is the most common 
extraintestinal symptom in 

patients with CRC
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The insidious presentation of IDA can cause 
a significant treatment delay.
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Introduction to Deep Learning
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Hypothesis 

• The application of deep learning algorithms, 

particularly recurrent neural networks,  will 

produce accurate predictions of the likelihood of 

patients developing IDA within a three to six-

month timeframe, outperforming the diagnostic 

capabilities of traditional iron studies.
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52 components 
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Defining Outcome Variable and Cohort of Interest



Objective and Methods
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To develop and evaluate three 

DL models trained on 

retrospective longitudinal 

outpatient laboratory data to 

identify adult patients at risk for 

developing IDA three to six 

months prior to the 

establishment of the diagnosis 

by traditional iron studies.



Network Development Using the PyTorch Framework
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Best performing values per network  

Hyperparameter ANN GRU LSTM

Batch size 800 800 800

Epochs 200 200 200

Learning Rate 0.001 0.001 0.0003

Positive Weights 2.0 2.0 2.0

Hidden size 16 64 64

Layers 3 2 2

Brief Definitions

Batch Size: Number of examples in one training iteration

Epochs: Full pass through the entire training dataset.

Learning Rate: Determines step size for weight updates.

Positive Weights: Weights assigned to neuron 
connections.

Hidden Size: Neurons or units in a neural network's 
hidden layer.

Layers: The building blocks of a neural network. 



Results
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Summary of ANN Performance
Epochs AUROC Accuracy SE SP

50 0.81 0.77 0.64 0.81
100 0.84 0.79 0.69 0.82
150 0.85 0.80 0.67 0.85
200 0.86 0.80 0.70 0.84

STDEV 0.02 0.01 0.03 0.02

Mean 0.84 0.79 0.68 0.83

Summary of GRU Performance
Epochs AUROC Accuracy SE SP

50 0.86 0.81 0.70 0.84
100 0.87 0.80 0.77 0.81
150 0.87 0.82 0.72 0.85
200 0.89 0.83 0.75 0.85

STDEV 0.01 0.01 0.03 0.02

Mean 0.87 0.81 0.74 0.84
Summary of LSTM Performance

Epochs AUROC Accuracy SE SP
50 0.80 0.77 0.66 0.83

100 0.81 0.73 0.73 0.74
150 0.86 0.81 0.73 0.83
200 0.87 0.81 0.73 0.84

STDEV 0.04 0.04 0.04 0.05

Mean 0.84 0.78 0.71 0.81



Discussion
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Deep learning can early identify patients at risk of iron deficiency anemia using outpatient laboratory 
data sequences.

Our model’s ground truth effectively 
navigates the complexity of IDA while 

considering the non-linear trend of the 
disease in contrast to other models which 

use Hgb or Fe singularly to define IDA

Our model was able to predict IDA 3-6 
months before conventional diagnostic 

methods. While other authors focus 
on predictions made from already 

anemic patients.

We utilized a robust dataset in 
conparison to other studies in 
which models were developed 

with extremely limited datasets.

The model uses features from standard outpatient lab data, demonstrating the feasibility of integrating a 
sequential model into clinical settings.

What makes this model unique?



Limitations
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“Black box”External Dataset



Conclusion
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Enable healthcare personnel to 
integrate predictive analytics into 

routine outpatient visits. 

Assist clinicians in identifying high-risk 
individuals, prompting timely 

interventions

Offer a novel and promising avenue 
for potential CRC screening during a 

clinic visit.

Identifies strategic information for 
population health initiatives

This framework extends beyond IDA, 

holding promise for predictive modeling 

in diseases requiring longitudinal blood 

tests such as diseases of the liver, thyroid, 

and kidney.

The Implementation of this model 
could
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•APPENDIX
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Outcome variable definition

• The definition of our outcome variable (diagnosis of IDA) was informed by scientific literature and expert 
collaborators. 

• IDA was defined as: 1) a hemoglobin below the lower reference limit AND  2a) a ferritin <45 µg/L OR 2b) a 
ferritin 45-100 µg/L AND a transferrin percent saturation ≤ 19%. All results had to be documented within a 
two-month window.
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Normalization

17

We calculated how much the actual laboratory value differed from the lower reference limit. Then, we 
determined the total range within the reference values. We divided the first difference by the second to 
determine the relation of the laboratory value to the normal range. Finally, we subtracted 0.5 from the result to 
interpret and scale the values in the model. Negative values implied that the value was below the normal range, 
and positive values implied above, showing how much, it deviates from normal values. The calculation was 
computed like this: 



Model development 
The loss function that uses binary cross-entropy with logits is often referred to as "Binary Cross-Entropy Loss with Logits" or "Sigmoid Cross-Entropy Loss." It is commonly 
used in binary classification problems where the model outputs logits (log-odds or unnormalized probabilities) for two classes, and a sigmoid activation function is applied 
to convert these logits into probabilities.

In mathematical terms, the binary cross-entropy loss with logits is calculated as follows:

Here:

- N is the number of samples in the batch.

- yi is the true label (either 0 or 1) for the i-th sample.

- ŷ is the logit output for the i-th sample.

- sigma is the sigmoid activation function.

- log is the natural logarithm.

This loss function penalizes the model based on the difference between its predicted probabilities (after applying the sigmoid activation) and the true binary labels. It's 
commonly used in logistic regression and other binary classification tasks.
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Adam Optimizer

• Optimization algorithm commonly used in training artificial neural networks. 

• Adjusts the learning rates for each parameter individually based on their historical gradients. This adaptability helps 
handle different scales and variations in the data. 

• Adam uses a moving average of the gradients' past values to help accelerate convergence and overcome obstacles 
such as local minima.
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