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I. INTRODUCTION AND RELATED WORK 
The blood-brain barrier (BBB) is a system of tight cell-cell 
junctions that regulates the permeability of the neurovascular 
interface 1 . In the decades after its discovery, it was held by 
physiologists as a largely impenetrable barrier separating the 
brain from the circulatory system, and in particular, the immune 
system. Experiments showed that the BBB prohibited the passage 
of most ions, macromolecules, drugs, and neurotransmitters2. In 
recent years, though, this view has gradually transitioned to an 
understanding of the BBB as a regulatory interface between the 
central nervous and immune system3. Several immunomodulatory 
interactions were discovered that cross the BBB and affect neural 
function as well as immunological state, and new links between 
the central nervous and immune systems continue to be 
uncovered. Earlier this year, it was shown that lymphatic vessels 
in the brain were captured by an NIH team using advanced MRI 
technology 4 , a discovery that had first been conjectured by 
anatomists over 200 years ago5.  
    It now seems appropriate and timely to leverage the modern 
availability of large biomedical datasets to investigate more 
deeply the effects that the immune system has on the brain. In this 
project, we use data mining and machine-learning to query and 
analyze electronic health records and medical claims data from 
Optum 6 , a massive EHR/Claims dataset covering 63 million 
patients over a 10 year time frame, to find connections between 
the immune system and disorders of the brain. The input to our 
algorithm is blood lab test results and ICD-9 (disease diagnosis) 
codes for approximately 3 million patients. We use principal 
components analysis (PCA) and correlation analysis to develop 
the connection between immune and brain diseases. We then use 
logistic regression and random forest to output a mental, immune, 
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infectious, or sense-organ disease profile, as well as the subtypes 
of mental disorder phenotype. 

II. RELATED WORK 
To our knowledge, no rigorous statistical analyses of the 
correlation between immune lab tests and the future onset of 
neurodegenerative disorders has been conducted. What few 
attempts exist at using machine learning to predict mental 
disorders have suffered from a variety of challenges, most 
glaringly the availability of large, quality datasets, and the 
effectiveness and speed of learning algorithms7. Genome-wide 
association studies have been conducted showing associations 
between many of the variants found associated with mental 
disorders (e.g. schizophrenia, bipolar disorder, and autism) and 
autoimmune related variants 8 ; however, genetic-level profiles 
explain only a small proportion of these diseases. Furthermore, 
these studies used simple statistical correlation, without 
leveraging the complex models and unique strengths available 
with machine learning approaches. In another study, known as 
“Deep Patient,” Miotto et al. developed an autoencoder to 
deterministically map patient electronic health records into a 
different feature space, and then use this broad representation to 
predict future health states and outcomes9. However, this more 
general approach, while useful for evaluating patients as a whole, 
is prone to suffering from noisy features when predicting a 
relatively specific single outcome, such as a relationship between 
immune profiles and mental or neurodegenerative disorders. We 
hope to use specific, targeted machine learning on individual- and 
systems-level data to answer the questions at hand. 

III. DATASET AND FEATURES 
The clinical data for this work comes from the Optum dataset, 
which is provided by Stanford’s Population Health Services group 
and created by United Healthcare. Significant effort was required 
to acquire and preprocess our dataset. The Optum data is 
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contained within several SQL databases, so we developed SQL 
pipelines to access and extract the relevant data for our study (e.g. 
immune-related lab tests for patients who have been diagnosed 
with immune, mental, or neurodegenerative disorders). We 
manually curated a list of these disorders, querying the Optum 
database for 471 ICD-9 codes related to the diseases we are 
studying and 15 lab tests (blood tests done to assay immune 
function; see Appendices for details). We also extracted all of the 
doctor visits (including diagnoses) and demographic information 
(age, year of birth) for patients with these diseases. Once these 
data were obtained, we had to preprocess the data to prepare it for 
statistical analyses. Discrepancies in measurement units were 
removed, measurements were zero-mean centered and scaled, and 

missing values were imputed by replacing them with the zero-
mean value. After examining patient time-series data and 
observing that little variation occurred over time for a majority of 
the cases, we also elected to collapse these longitudinal  
measurements into a single mean value independent  of time of 
measurement.  
    Our final imputed data set included a total of n = 33 features: a 
binary variable matrix of the 19 top level ICD-9s, measurements 
for 12 lab tests (standardized), and values for 2 covariates (age 
and gender). After preprocessing, we had data on these 33 features 
for approximately 3 million individuals. Each individual 
represented a single training example. We opted not to use a cross 

Figure 1. The complete process from start to finish (above), and a slice of the dataset (below). Not all examples or features are shown. “X*” refers to a top-level ICD-
9 code; “X1e3.uL_704.7” refers to a lab test result measured in 1000 µL and a test code of 704.7. Age and gender not shown in this example. 
 



validation partition due to compute power restrictions, but we 
divided the dataset into a 70-30 split for training and test sets. 

IV. METHODS 
In addition to assessing correlation between input variables, we 
applied unsupervised and supervised learning techniques to the 
data. Unsupervised learning is generally useful for teasing out 
complex relationships and patterns in the dataset that are hard to 
uncover manually, with little prior knowledge about the 
underlying structure of our data. We used principal components 
analysis (PCA) to attempt to recover this structure. Next, we 
applied logistic regression with Lasso regularization and Random 
Forest to assess the power of immune profiles (as described by lab 
tests and ICD-9 diagnoses) in predicting disease types. 
A. Unsupervised Learning 
    PCA is a method for projecting a set of points in a high-
dimensional space into a lower-dimensional subspace. It does so 
by computing the principal components of the data, or the basis 
vectors which will produce the greatest variance when the data is 
projected onto them. Expressed another way, there is some 
variance inherent in the dataset. The first principal component is 
the vector which preserves the most of this variance when we 
project all of the data onto it, expressed mathematically as: 

 
The second principal component is similarly calculated to 
maximize the variance of the data projections onto it, with the 
restraint that it must be orthogonal to the first principal 
component. The same pattern follows for the third principal 
component, which must be orthogonal to the first two, and so on. 
We can choose the dimensionality of the subspace which we 
project the data into by selecting the number of principal 
components onto which we want to project the data. For this 
project, we have chosen to use the first two principal components 
of the data, which allows us to construct a two-dimensional 
visualization of the data. 
B. Supervised Learning 
    Logistic regression is regarded as an excellent “off-the-shelf” 
classification algorithm that does not make too many strong 
assumptions about the data. It outputs a predicted value between 
0 and 1 by applying the logistic, or sigmoid, function to a linear 
transformation of the data: 

 
where theta parameterizes the model and is the weight vector 
applied to the data vector, and the bias or intercept term is built 
into the theta vector. We learn optimal values of theta typically by 
stochastic gradient descent, which iterates through the training 
data and applies the update rule: 

 
Here alpha is the learning rate. We use a Lasso-regularized 
version of logistic regression, which sets a budget or constraint on 
the weight vector parameter theta, such that the magnitude of theta 
must be less than the budget. This prevents excessive growth of 

the weight vector in attempting to fit the noise in the dataset, and 
induces the exclusion of features that are irrelevant to the model’s 
prediction. Finally, multinomial or softmax logistic regression is 
a generalization of logistic regression to situations with more than 
two discrete output variables. We simply replace the sigmoid 
function with the softmax function: 

 
The other supervised learning algorithm which we utilized is 
Random Forest. This is a bootstrap aggregating variation of the 
decision tree learning algorithm that is intended to preserve the 
benefits of decision trees, such as interpretability and robustness 
against noisy features, while solving their primary weakness, a 
tendency to overfit the data. Random forest works by repeatedly 
training decision trees on randomly sampled subsets of the data, 
using a randomly sampled subset of the features. These changes 
help minimize the variance of the model and reduce correlation 
between features, respectively.  

V. RESULTS AND DISCUSSION 
With data acquired and cleaned, we first performed comorbidity 
analysis, investigating the co-occurrence of diseases as well as 
top-level ICD-9 categories (Fig. 2). 

FIGURE 2: DISEASE CO-OCCURRENCE 

  

 
Figure 2. Pairwise comorbidity analysis between top-level ICD-9 diagnoses. 
Disease diagnoses such as X15 and X12, which occur together with some 
frequency, can be predictive of each other.  



As can be seen in Figure 2, there is considerable comorbidity of 
mental disorders with infectious and immune diseases. We then 
examined the correlation between the ICD-9 disease diagnosis 
codes we were interested in and immune-related lab tests and 
found significant correlation (as seen in Figure 3), albeit weak, 
between the top-level ICD-9 code disease diagnoses and the 
immune-related lab tests. These analyses turned out to be relevant 
in the context of interpreting our machine learning results later on. 
By deducing some of the interrelationships between the features 
in our dataset, and between disease diagnoses (comorbidity 
analysis), this provided some degree of interpretability for our 
later machine learning results. That is, we were then able to 
compare the features that turned out to generate greater predictive 
power with the features that had some correlation with each other 
to corroborate that these key factors worked together to generate 
predictive power.  
 

FIGURE 3: DISEASE CO-OCCURRENCE 

 

 
Figure 3. p-value matrix of correlation between lab tests and relevant ICD-9 
disease categories. White signifies a p-value of 0; thus, mental disorders are 
significantly associated with many immune-related lab tests. However, actual 
correlation signal (effect size) is low (correlation values between .04 and .1) 

Next, we explored whether or not the immune profiles of the 
patients’ 12 immune-related lab tests were informative in finding 
what kind of diseases the patients were diagnosed with. To 
accomplish this, we hypothesized that there are distinct types of 
immune profiles associated with each type of disease 
(neurodegenerative, immune, infectious), and that these 
“representative” immune profiles can be recovered using 
unsupervised machine learning methods. We postulated that there 
would be some structure within the lab test data that renders 
individuals with neurodegenerative diseases and individuals with 
immune diseases separable in this Optum dataset. We explored 
this notion using PCA on our data. In a similar analysis, we also 
computed correlation matrices between features to see if any 
features were correlated with each other. We observed some 
clustering in the data; notably a large, central cluster and a smaller 
side cluster, and correlations between some of the features, which 
is expected, since our data projects down effectively with PCA. 
 

FIGURE 4: DIMENSIONALITY REDUCTION 

 

 

 
Figure 4. Data projected onto principal components 1 and 2 (top) and the 
percentage of variance in the dataset explained by each principal component 
(bottom). 

Finally, we conducted supervised learning analyses to explore 
how predictive our data was in finding the presence of 
neurodegenerative, immune, infectious, and sensory diseases. 
That is, we wanted to whether or not we could predict the presence 
of these diseases given top-level ICD-9 codes and lab results for 
all patients. Since each of these rough categories 
(neurodegenerative, immune, infectious, and nervous system 
diseases) map to top-level ICD-9 codes, we trained four logistic 
regression models using Lasso regularization, taking all other 
features in our original patient-feature matrix as our input features 
and the one feature of interest as output, in each of the four cases. 
For example, in assessing our ability to predict immune diseases, 
we left out the feature corresponding to immune diseases (“X13”) 
when training, and then tried to predict it using the trained model 
(Figure 5). Interestingly, training separate logistic regression 
models on only lab tests and only ICD-9 diagnoses in isolation 
revealed that the majority of the predictive power attained in the 
combined model was explained by the ICD-9 diagnoses (results 
not shown). This could perhaps indicate that immune lab work 
may not be directly related to mental diseases, but that 
comorbidities would be a more effective predictor. We did not 
employ cross validation in any of these models due to compute 



power restrictions; training a single model alone took several 
hours or days. 

FIGURE 5: SUPERVISED LEARNING RESULTS 

 

 
Figure 5. Machine learning models achieve predictive power when trained on our 
dataset. (Top) Using our patient-feature matrix as the design matrix, we used 
logistic regression to predict different columns of the matrix (immune, mental, 
infectious, and nervous system disease diagnoses each) using the rest of the matrix 
as input data. We achieved only modest performance for most of the tests, but did 
obtain predictive power for immune diseases. (Bottom) Using a random forest 
model, we were able to generate much improved accuracy when trying to predict 
mental disorders. Note that the lab test data contributed only weakly, if at all, to 
the prediction of mental disorders. 

We achieved relatively poor predictive power on all of the disease 
predictions except for immune diseases. To assess whether this 
was due to a poor choice of model, we tried predicting mental 
disorders again, but using a different algorithm, random forest, 
which is more robust to overfitting and is more effective for 
working with categorical data inputs. Due to limitations on 
compute power, we ran the algorithm on a random subset of the 
data. Promising results show already as we had hoped, as random 
forest achieved better results overall on the testing examples than 
logistic regression (Fig. 5). Interestingly, we also split the training 

data and tried to predict solely on lab test data or solely on 
diagnosis data, but found that our predictive power stemmed 
primarily from the diagnosis data, in a pattern that was alluded to 
in our correlation analysis but not fully reflected as in the machine 
learning model. This may point to a weak or nonexistent 
connection between the immune state of a patient and the 
likelihood of developing neurodegenerative diseases. We hope to 
continue this analysis moving forward by training and testing on 
the full dataset to achieve even greater predictive power, as well 
as utilizing other supervised machine learning algorithms. 

VI. CONCLUSION 
    In this project, we have uncovered connections between 
immune-related lab tests, immune and infectious diseases, and 
neurodegenerative diseases, but PCA was unable to detect distinct 
immune profiles between individuals that had differing 
neurodegenerative diseases. We have discovered that the 
predictive power of comorbidities to label patients with different 
types of disease using simple logistic regression models is 
relatively high for immune diseases, even after the simplest of 
feature engineering. This connection points to promising avenues 
for future work in developing predictive models of disease, 
although there is still work left to be done. Our compute power 
limitations prevented us from trying more complex machine 
learning algorithms on our data, such as support vector machines 
and neural networks, which have had positive outcomes in 
biomedical informatics recently; these, combined with more 
intelligent feature engineering, would most likely result in 
significant boosts in predictive power. 
    We acknowledge that these tests are just scratching the surface 
of what can be done with this data. For example, we would like to 
take a more unsupervised approach to discovering lab tests that 
are predictive of disease type while reengineering our pipeline to 
account for the incredible depth of longitudinal data Optum has. 
Lab test data in large medical claims datasets are largely 
untapped; given their tremendous potential for biomedical 
discovery in precision medicine, we would like explore more 
connections between them and disease. 
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