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Abstract

Background: Integrating data is essential for advancing clinical and epidemiological research. However, the process of
integrating and harmonizing variables  from research studies remains a major bottleneck.

Objective: The objective was to assess a natural language processing (NLP)-based method to  automate variable harmonization
to achieve a scalable approach to integration of multiple datasets.

Methods: We developed a fully connected neural network method, enhanced with contrastive learning, using domain-specific
embeddings from BioBERT using three cardiovascular datasets: Atherosclerosis Risk in Communities (ARIC) study, the
Framingham Heart Study (FHS) and the Multi-Ethnic Study of Atherosclersosis (MESA) . We used meta-data variable
descriptions and curated harmonized concepts as ground truth. The accuracy of this method was compared to a logistic
regression baseline method.

Results: The newly developed fully connected neural network achieved a top-5 accuracy of 98.95% (95% CI: 98.31%-99.47%)
and an AUC of 0.990 (95% CI: 0.988-0.991), outperforming the accuracy of to the standard logistic regression model.

Conclusions: This novel approach provides a scalable solution for harmonizing meta-data across large-scale cohort studies.
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ABSTRACT

Background: Integrating  data  is  essential  for  advancing  clinical  and  epidemiological  research.
However,  the process of integrating and harmonizing variables  from research studies remains a
major bottleneck.
Objectives:  The  objective  was  to  assess  a  natural  language  processing  (NLP)-based  method  to
automate variable harmonization to achieve a scalable approach to integration of multiple datasets. 
Materials and Methods:  We developed a fully connected neural network method, enhanced with
contrastive learning, using domain-specific embeddings from BioBERT using three cardiovascular
datasets: Atherosclerosis Risk in Communities (ARIC) study, the Framingham Heart Study (FHS)
and the Multi-Ethnic Study of Atherosclersosis (MESA) . We used meta-data variable descriptions
and curated harmonized concepts as ground truth. The accuracy of this method was compared to a
logistic regression baseline method. 
Results: The newly developed fully connected neural network achieved a top-5 accuracy of 98.95%
(95% CI: 98.31%-99.47%) and an AUC of 0.990 (95% CI: 0.988-0.991), outperforming the accuracy
of to the standard logistic regression model.
Conclusions:  This novel approach provides a scalable solution for harmonizing meta-data across
large-scale cohort studies. 

1. INTRODUCTION

The advent of large language models, artificial intelligence and computational power has the ability
to  transform  our  understanding  of  health  and  disease.  To  fully  leverage  these  approaches  and
technology, datasets need to be integrated.  [1],[2] However, integration of datasets is challenging,
given inconsistent variable names, column headers, and textual descriptions used to denote clinical
or demographic measures. [3],[4],[5]

These metadata variables, which are the textual labels describing data elements, often differ across
studies, even when referring to the same underlying concept (e.g., "Systolic_BP" vs. "SBP_visit1").
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In cardiovascular research, cohort datasets such as the FHS, MESA, and the ARIC study include
thousands of such variables, each with custom naming conventions and sparse documentation. This
lack of standardization poses a major challenge for dataset interoperability, phenotyping, and cross-
cohort analyses. [6]

Traditional harmonization approaches depend heavily on manual mapping by domain experts, to map
disparate variable descriptions into unified medical concepts, which is time-consuming, error-prone,
and difficult to scale.[3],[7]  Standard vocabularies like SNOMED CT,[8] LOINC,[9] ICD codes,
[10],[11] CPT,[12] CCS,[13] RxNorm,[14] and NDC[15] support structured data harmonization in
EHRs, but are not designed for the free-text, loosely formatted metadata descriptions found in cohort
datasets.  Recent advances in natural language processing, including the use of BERT models [16],
[17],  knowledge  network[18] and  other  semantic  learning  methods[19],[20] offer  promising
opportunities  to  automate  the  process.  Pretrained  language  models  like  BioBERT and  semantic
embedding techniques can be adapted to understand and categorize medical text. However, these
models  have  not  been  widely  applied  to  the  harmonization  of  variable-level  metadata  in
observational research settings. Our work addresses this gap.

The goal is to develop and evaluate an NLP-based method for harmonizing variable-level metadata
across multiple biomedical datasets. Specifically, we aim to classify free-text variable names and
descriptions into harmonized medical concepts that enable integration and analysis across multiple
studies. 

2. METHODS

The goal of this approach was to combine different datasets by variable definitions into a harmonized
variable  defined as a medical concept -  a term that describes information in a  patient's  medical
record, such as a diagnosis, a prescription, or a measurement.

To do this, we treated the automation of harmonization as the following steps: 1) To select a list of
pre-defined data harmonization biomedical concepts; and 2) To train a classifier to classify whether a
variable  belongs  to  a  certain  medical  concept  or  not.  We used  three  large-scale  cardiovascular
research  cohort  studies  (i.e.,  FHS,  MESA,  and  ARIC)  to  harmonize  cardiovascular  disease  risk
variables.

For the second step, we used BioBERT embeddings with a fully connected neural network (FCN).
BioBERT, a transformer model pre-trained on biomedical corpora, generates embeddings for variable
descriptions, capturing their semantic relationships.[17] The FCN then classifies these embeddings
into predefined harmonized concepts. To address the relatively low number of labeled samples, we
also  separately  augmented  the  FCN  using  contrastive  learning,  a  self-supervised  representation
learning method which is particularly effective in scenarios where training data is limited.[21] The
process workflow for this approach is outlined in Supplemental Figure 1.

2.1 Data Sources

We used the metadata from three research cohort datasets – Framingham Heart  Offspring Study
(FHS), Multi-Ethnic Study of Atherosclerosis (MESA), and Atherosclerosis Risk in Communities
(ARIC).[6] The  metadata  includes  variable  names  and  descriptions.  In  total,  we  extracted  885
variable  descriptions  categorized into 64 concepts  (spread across  seven concept  groups) through
manual annotation by three independent reviewers, who adapted a pre-selected list of stroke related
concepts that were illustrated in our previous work.[22] The breakdown of each cohort dataset across
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cohorts and concept groups is provided in  Table 1. The complete list of variable descriptions and
their corresponding concepts is detailed in the supplementary materials (Supplemental Table 1). We
used this labeled dataset for training and validation. 

Table  1:  Breakdown of  the  number  of  variables  for  each  concept  group across  the  three  study
cohorts.

Study
Number (percentage) of Variables

ARIC MESA Framingham

Total variable descriptions 315 161 409
Variables  under  each  category  of
concept:
   Socio-Demographics 12 (3.8%) 11 (6.8%) 13 (3.2%)
   Vitals 18 (5.7%) 10 (6.2%) 63 (15.4%)
   Co-morbidities 59 (18.7%) 76 (47.2%) 98 (24.0%)
   Labs 32 (10.2%) 16 (9.9%) 49 (12.0%)
   Medications 131 (41.6%) 30 (18.7%) 91 (22.2%)
   Diet 42 (13.3%) 1 (0.6%) 74 (18.1%)
   Other 21 (6.7%) 17 (10.6%) 21 (5.1%)

2.2 BioBERT Embeddings

We used  a  pre-trained  BioBERT (Bidirectional  Encoder  Representations  from Transformers  for
Biomedical  Text  Mining)  model  to  convert  the  variable  descriptions  into  embedding  vectors.
BioBERT is a transformer-based model specifically pre-trained on large-scale biomedical corpora,
including PubMed abstracts and PMC articles.[17] Derived from a general-purpose model known as
BERT,[16] BioBERT has shown superior performance over BERT for biomedical related tasks such
as  Named  Entity  Recognition,[23] Relation  Extraction,[24] and  Question  Answering.[25]
Particularly,  for  short-length  sequences  in  the  biomedical  domain,  with  pre-trained  domain
knowledge, BioBERT can capture domain-specific semantics and relationships better than a general-
purpose model. Given its proven effectiveness in biomedical NLP tasks, BioBERT is an ideal choice
for  analyzing  short  text  sequences  in  the  biomedical  domain.  In  this  study,  we  converted  each
variable  description  using  BioBERT into  a  768-dimensional  embedding  vector  for  downstream
classification.

2.3 Paired Sentences for Classification

We framed the task as a binary classification problem using pairs of variable descriptions (x1,  x2).
Each pair was labeled as either belonging to the same concept or not. We calculated cosine similarity
for each pair  and these similarity scores were used to train a supervised classifier to distinguish
between matched and non-matched pairs.[26],[27]

During inference, for a given variable description, the model compared it against all known concepts.
The model calculated similarity scores for each pairing and assigned the description to the concept
with the highest similarity score.
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2.4 Data Preparation

The dataset was prepared as follows: 1) Matching Pairs:  For every concept,  all  combinations of
variable  descriptions  belonging  to  that  concept  were  generated  as  matched  pairs;  and  2)  Non-
matching Pairs: For each variable description in a concept, a random sample of descriptions from
other concepts was used to generate non-matching pairs. 

To balance the training dataset, we maintained a 1:3 ratio of matching to non-matching pairs. This
ensured sufficient representation of both types of data while maximizing training examples.

2.5 Models

We used the logistic regression model as a baseline classifier. The input was the cosine similarity
between BioBERT embedding vectors of paired descriptions.[28] The model was trained using the
cross-entropy loss function, and the output was a probabilistic score, which indicates whether the
pair represented the same concept (e.g., a matched pair or non-matched pair).

The  proposed FCN model  consisted  of  two hidden layers,  with  the  first  hidden  layer  having  a
rectified linear unit activation function,[29] and the second layer using a cosine similarity function,
rescaled  with  a  weight  and  a  bias  parameter,  followed  by  a  sigmoid  activation  function.  The
framework of the FCN model is outlined in Supplemental Figure 2. The network was trained using
binary cross-entropy loss.[30]  The Adam optimizer with early stopping on the validation set was
used  for  optimization.[31] During  inference,  given  a  new input  variable  description,  the  model
calculated similarity scores between the embedding vectors for an input description and each known
concept. The concept with the highest score was assigned to the variable description.

2.5.1 Contrastive Learning

To address  the  challenges  of  limited  labeled  training  data,  we  employed  a  contrastive  learning
approach.[32] The model  was trained to  minimize Noise-Contrastive Estimation (InfoNCE)  loss,
which  improves  the  representation  of  variable  descriptions  by  learning  from matched  and  non-
matched pairs.[33] For each variable description, we applied random permutations of embeddings to
create augmented pairs. This method further optimized the FCN by leveraging noisy but informative
examples.  During inference,  we used the same methodology as described for the FCN model to
categorize an input variable description to a concept.

2.6 Evaluation 

To assess the performance, applicability, and generalizability of the method, we used two strategies:
a combined cohort approach and a separated cohort approach. In the combined cohort approach, we
used data from all three cohort datasets, and randomly split it into training, validation and testing
with an approximate ratio of 4: 1: 1. For the separated cohort approach, we trained and validated
each model on two cohorts and used the remaining cohort for testing to assess generalizability across
datasets.

We used the area under the receiver operating characteristic (AUC) as our primary performance
measure distinguishing matched and non-matched pairs.[34],[35] To evaluate how often the correct
concept ranks within the top-K predictions, we used top-1 and top-5 accuracy.[36],[37] We used
bootstrapping to obtain confidence intervals for both the AUC and accuracy scores.[38]
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All  models  were  developed using  python (v3.11.5)  and pyTorch (v2.2.1).  The code and trained
models  used  are  found  on  our  GitHub  repository:
https://github.com/duke-harmonization/automated_harmonization. 

3. RESULTS

We extracted a total of 885 variables from three datasets, including the FHS, MESA, and ARIC. We
pre-categorized these variables into 64 harmonized concepts and generated 58,890 sentence pairs. In
the  combined  cohort  evaluation  strategy,  we split  this  dataset  into  training,  validation,  and  test
datasets in a 4: 1: 1 ratio. The FCN model outperformed the baseline logistic regression model,
achieving an AUC of 0.99 (95% CI: 0.988 – 0.991), compared to the baseline’s AUC of 0.824 (95%
CI: 0.815 – 0.834). The contrastive learning approach achieved an AUC of 0.977 (95% CI: 0.975 –
0.979), which also outperformed the baseline logistic regression model (Figure 1). For the top-K
accuracy, the FCN model achieved a top-1 accuracy of 80.51% (95% CI: 78.08% - 83.03%) and a
top-5 accuracy of 98.95% (95% CI: 98.31% - 99.47%), significantly outperforming the baseline
model which achieved top-1 accuracy of 12.12% (95% CI: 10.22% - 14.12%) and top-5 accuracy of
22.23% (95% CI: 19.91% - 24.87%). The contrastive learning approach achieved a moderate top-1
accuracy score of 63.65% (95% CI:  60.59% - 66.81%) and achieved a  top-5 accuracy score of
89.88% (95% CI: 87.88% - 91.67%) (Table 2).

Table 2:  Top-1 and Top-5 accuracy with 95% confidence intervals for baseline logistic regression,
FCN, and contrastive learning using combined cohort.
Model Top-1 Accuracy (%)

[95% CI]
Top-5 Accuracy (%)

[95% CI]
AUC

[95% CI]
Logistic
Regression

12.12 [10.22 – 14.12] 22.23 [19.91 – 24.87] 0.824 [0.815 – 0.834]

FCN  (Combined
Cohort)

80.51 [78.08 – 83.03] 98.95 [98.31 – 99.47] 0.99 [0.988 – 0.991]

Contrastive
Learning

63.65 [60.59 – 66.81] 89.88 [87.88 – 91.67] 0.977 [0.975 – 0.979]
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Figure 1: Receiver Operating Characteristic (ROC) curves for each of the trained FCN models and
the baseline method for the combined cohort approach. The area under the curve (AUC) is directly
proportional to the model’s performance in distinguishing between matches and non-matches for a
given pair of variable descriptions. The data used to generate the ROC curves consisted of 11,880
pairs of variable descriptions that were absent from the training data,  when evaluated on all  the
cohorts.
We assessed the robustness of FCN in the separated cohort evaluation. The FCN model trained with
the ARIC-Framingham model achieved an AUC of 0.788 (95% CI: 0.738 – 0.835) on the MESA
dataset. The MESA-ARIC model, evaluated on the Framingham dataset, achieved the highest AUC
of 0.856 (95% CI: 0.838 – 0.875). The Framingham-MESA model, evaluated on the ARIC dataset,
achieved an AUC of 0.835 (95% CI: 0.817 – 0.851).  The ROC curves for the separated cohort
models are shown in Figure 2. For the top-K metrics, the ARIC-Framingham model performed best
with a top-1 accuracy of 49.33% (95% CI: 43.11% - 55.11%) and a top-5 accuracy of 64.0% (95%
CI: 57.78% - 69.34%). The MESA-ARIC model performed slightly worse, with a top-1 accuracy of
39.32% (95% CI: 35.09% – 43.76%) and a top-5 accuracy of 59.62% (95% CI: 55.39% - 64.06%).
The Framingham-MESA model exhibited the lowest accuracy performance, with a top-1 accuracy of
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32.98% (95% CI: 28.23% - 37.47%) and a top-5 accuracy of 48.81% (95% CI: 43.79% - 53.56%),
which were likely due to greater variability in the ARIC dataset (Table 3).

Table 3: Top-1 and Top-5 accuracy with 95% confidence intervals for FCN using separated cohort
evaluation strategy.
Model Top-1 Accuracy (%)

[95% CI]
Top-5 Accuracy (%)

[95% CI]
AUC

[95% CI]
FCN
(Framingham-
MESA), tested on
ARIC

32.98 [28.23 – 37.47] 48.81 [43.79 – 53.56] 0.835 [0.817 – 0.851]

FCN  (MESA-
ARIC)  tested  on
Framingham

39.32 [35.09 – 43.76] 59.62 [55.39 – 64.06] 0.856 [0.838 – 0.875]

FCN  (ARIC-
Framingham)
tested on MESA

49.33 [43.11 – 55.11] 64.0 [57.78 – 69.34] 0.788 [0.738 – 0.835]
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Figure 2: Receiver Operating Characteristic (ROC) curves for each of the trained FCN models for
the  separated  cohort  approach.  The  area  under  the  curve  (AUC)  is  directly  proportional  to  the
model’s performance in distinguishing between matches and non-matches for a given pair of variable
descriptions. The ROC curves for each model were obtained by evaluating the model on the subset of
the test dataset containing only data from the cohort excluded during training.
We plotted the distribution of  the  predicted score  for  matches  and non-matches  across  different
concept groups using the baseline method and the FCN model, shown in Supplemental Figure 3.
The results indicated that the FCN model generally demonstrates narrower interquartile ranges and
more distinct separation between median probabilities for matches and non-matches, particularly in
the  Diet  and  Socio-Demographics  categories,  which  achieved  a  perfect  AUC of  1.0,  indicating
superior predictive performance compared to the baseline model. The AUC for each model setting
when evaluated on a per-concept level is detailed in the supplementary materials (Supplemental
Table 2).

We also computed  the  Positive  Predictive  Value  (PPV),  Negative  Predictive  Value  (NPV),  True
Positive Rate (TPR), and False Positive Rate (FPR) for each of the concepts when using the top-1
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predicted concept from the FCN model on the test dataset. The mean PPV across all concepts was
0.788, the mean NPV was 0.996, the mean TPR was 0.858, and the mean FPR was 0.003. The
metrics for all concepts are detailed in the supplementary materials (Supplemental Table 3).

4. DISCUSSION

This study demonstrates a scalable and automated approach to variable harmonization. By leveraging
NLP and machine learning on variable descriptions from the three NIH research cohort studies, the
method  can  automatically  assign  variables  to  standardized  medical  concepts.  For  example,  the
descriptions of "Diabetes Mellitus Status" are inconsistent across ARIC, MESA, and Framingham
datasets. In the ARIC study, the description varies by visit or exam, such as “Diabetes with fasting
glucose cutpt. < 126” or “Diabetes Using Lower Cutpoint 126 mg/dL.” In contrast, Framingham and
MESA use  descriptions  like  “Diabetes  Mellitus  Status,  Exam  1.”  Traditionally,  aligning  these
variables to a SNOMED concept for the condition “Diabetes Mellitus” requires manual effort and
domain  expertise,  which  is  difficult  to  scale  across  multiple  cohorts.  Our automated  framework
significantly reduces this burden, achieving consistent, accurate mapping in a fraction of the time. In
practical settings, this approach enables researchers to integrate datasets for cross-cohort analyses,
which are essential for predictive modeling and other data-driven applications.

Key lessons learned from this work include the critical role of leveraging domain-specific models,
such as BioBERT, which excel in capturing nuanced semantics of variable descriptions, particularly
in short-sequence contexts with limited information. Reframing the harmonization task as a paired
sentence classification problem as mentioned proved effective in overcoming data sparsity and class
imbalance.  Furthermore,  we  observed  that  separating  cohorts  for  evaluation  was  essential  for
assessing model generalizability.

Despite these advancements, we acknowledge that several limitations and challenges remain. First,
our proposed framework focuses on harmonizing variable descriptions without leveraging patient-
level data.  Incorporating patient-level data could help resolve ambiguities in variable definitions.
Also, we did not address the challenges remaining in different units for lab values, which is a critical
limitation. Future work should explore methods to combine harmonized variable descriptions with
patient-level  data  to  create  a  more  comprehensive  and robust  framework for  cohort  integration.
Second, we only evaluated for cohorts and risk factors related to cardiovascular disease. Future work
should also explore the effectiveness of this methodology across broader disease cohorts for data
harmonization. Third, we did not use more sophisticated models for sequential data such as recurrent
neural  networks  (RNN),[39] or  Long  Short-Term  Memory  networks  (LSTMs),[40] nor  large
language  models  such  as  Generative  Pre-Trained  Transformers,[41] Pathways  Language  Model
(PaLM),[42] or Large Language Model Meta AI (LLaMA),[43] due to the sparse number of labelled
examples present in our training data. 

4.1 Conclusions

This study demonstrates a scalable and automated approach to variable harmonization, providing
significant practical value in enabling more efficient and reproducible research. By leveraging a pre-
trained  biomedical  transformer  and  neural  network,  the  proposed  framework  showed  robust
performance  across  combined  cohorts,  achieving  an  AUC  of  0.99,  with  high  top-1  and  top-5
accuracy metrics, underscoring its applicability to real-word large-scale datasets.
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