
Integrative Medicine Research 14 (2025) 101100 

Contents lists available at ScienceDirect 

Integrative Medicine Research 

journal homepage: www.elsevier.com/locate/imr 

Education Article 

Methods for identifying health status from routinely collected health data: 

An overview 

Mei Liu a , b , c , d , 1 , Ke Deng a , c , d , 1 , Mingqi Wang a , c , d , Qiao He a , c , d , Jiayue Xu a , c , d , 

Guowei Li e , f , g , Kang Zou a , c , d , Xin Sun a , c , d , h , ∗ , Wen Wang a , c , d , ∗ 

a Institute of Integrated Traditional Chinese and Western Medicine, Chinese Evidence-based Medicine and Cochrane China Center, West China Hospital, Sichuan 

University, Chengdu, China 
b Hospital of Chengdu University of Traditional Chinese Medicine, Chengdu, China 
c NMPA Key Laboratory for Real World Data Research and Evaluation in Hainan, Chengdu, China 
d Sichuan Center of Technology Innovation for Real World Data, Chengdu, China 
e Department of Health Research Methods, Evidence and Impact, McMaster University, Hamilton, ON, Canada 
f Center for Clinical Epidemiology and Methodology, Guangdong Second Provincial General Hospital, Guangzhou, Guangdong, China 
g Biostatistics Unit, Research Institute at St. Joseph’s Healthcare Hamilton, Hamilton, ON, Canada 
h West China School of Public Health and West China Fourth Hospital, Sichuan University, Chengdu, China 

a r t i c l e i n f o 

Key words: 

Routinely collected health data 

Health status 

Machine learning algorithms 

Rule-based algorithms 

a b s t r a c t 

Routinely collected health data (RCD) are currently accelerating publications that evaluate the effectiveness and 

safety of medicines and medical devices. One of the fundamental steps in using these data is developing algorithms 

to identify health status that can be used for observational studies. However, the process and methodologies 

for identifying health status from RCD remain insufficiently understood. While most current methods rely on 

International Classification of Diseases (ICD) codes, they may not be universally applicable. Although machine 

learning methods hold promise for more accurately identifying the health status, they remain underutilized in RCD 

studies. To address these significant methodological gaps, we outline key steps and methodological considerations 

for identifying health statuses in observational studies using RCD. This review has the potential to boost the 

credibility of findings from observational studies that use RCD. 
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. Introduction 

Routinely collected health data (RCD) refers to data generated from

arious clinical practice settings, including electronic medical records

nd administrative claims. 1 These rich data provide a great opportu-

ity for evaluation of the effectiveness and safety of drugs and medi-

al devices, diagnostic and prognostic studies, helping to guide clini-

al care and health policy decision-making. 2-6 In the field of integrative

edicine researches, RCD can provide vast information include detailed

nformation on diagnosis, traditional Chinese medicine (TCM) medi-

ations, or laboratory test results. 4 In recent years, RCD has increas-

ngly been used to investigate the effectiveness, utilization patterns, and

ost-marketing safety of TCM medication. 7-10 However, the method-

logical quality of such studies has often been insufficient, significantly

mpacting the successful translation and application of the research

ndings. 11 
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Given that RCDs are typically collected for administrative or health-

are purposes, 1 , 12 , 13 they may pose methodological challenges when

tilized for research purposes. One of the fundamental steps in lever-

ging RCD is identifying patients with certain health status that are

f interest for research questions. For example, a researcher may want

o identify patients diagnosed with type 2 diabetes, patients suspected

ith sepsis, or prescriptions of anti-depression medications. A multitude

f methodologies can be employed to identify health statuses, ranging

rom simplistic approaches like utilizing ICD codes to more sophisti-

ated techniques such as novel computational methods, notably ma-

hine learning algorithms. 14 

However, the application of inappropriate methods for health sta-

us identifying can pose a significant risk of misclassification, leading

o potential inaccuracies and erroneous conclusions. 15-17 For example,

 study published in JAMA showed a notable variation in sepsis in-

idence, ranging from 2 % to 12 %, when different algorithms were
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Fig. 1. illustration of key steps for identifying health statuses from RCD. 

Rule-based approaches involve the use of expert-defined logic rules, such as those based on specific indicators like ICD codes, medication prescription, or specific 

laboratory test results. These rules often utilize Boolean logic (e.g., AND, OR, NOT) and other logical criteria to identify and classify features. The machine learning 

approaches may involve models such as random forest, decision trees, regression, naïve bayes, which are trained on a dataset to learn patterns and make classification 

predictions. 
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pplied. 18 Nonetheless, many studies using RCD often overlook the

equisite scrutiny of the rationale or suitability of the algorithms em-

loyed, frequently relying solely on ICD codes for health status iden-

ification. 19 , 20 Yet, the utilization of ICD codes for identifying specific

iseases may present challenges due to factors such as unrecorded di-

gnostic findings or the absence of specific diagnostic codes (e.g., pseu-

ogout). 21-24 Furthermore, while some researchers assert that machine

earning methods may offer enhanced accuracy in identifying some spe-

ific health status, such as sepsis, 25 these methods were seldom used in

bservational studies using RCD. 19 

Thus, we believe it is important for all stakeholders to understand

hen and how to employ appropriate algorithms. In this review, we

utline the key steps involved in employing algorithms to identify health

tatus in observational studies using RCD. Additionally, we provide an

verview of the pipelines, strengths, and weaknesses of various methods

sed to develop identification algorithms, with the goal of supporting

uture research. 

. The importance and general steps for health status 

dentification in RCD studies 

In contrast to randomized controlled trials, where health statuses of

articipants are prospectively collected with uniform definition, RCD

resents a challenge as health statuses cannot be directly obtained. RCD

ncompasses diverse healthcare data domains, such as demographic

haracteristics, vital signs, diagnoses, laboratory test results, medication

rescriptions, and pathology reports. However, these data were typically

ollected for administrative purposes and lacking uniform definition. 

Consequently, to achieve a uniform definition, researchers must un-

ertake additional steps to extract relevant information from the diverse

ata sources available in RCD. This involves data pre-processing to con-

truct a research dataset, and developing algorithms to identify or cate-

orize health status by employing standardized definitions. Fig. 1 illus-

rates the key steps for identifying health statuses from RCD. 
2

.1. Constructing research dataset 

RCD were originally collected during the care of patients and were

ntegrated in to Clinical Data Warehouses (CDW). The source data in

DW includes a large variety of information, ranging from structured

ata —such as ICD codes for diagnosis, procedure codes and laboratory

ata —to free-text clinical narratives and imagines. The source data often

xhibit characteristics like noise, sparsity, and incomplete records. 26 , 27 

o effectively use RCD for clinical research, researchers must undertake

igorous data curation, which may include the integration of data from

ultiple healthcare institutions. This process also entails the selective

xtraction of pertinent data elements that are aligned with specific re-

earch objectives, followed by the cleansing and standardization of these

lements to assemble a coherent research dataset. 28 , 29 

A desirable research dataset should include a comprehensive set of

ata elements that satisfy the research objectives. 29 For example, in

tudies on diabetes, the research dataset may at least include elements

uch as ICD codes for diabetes and its comorbidity, prescriptions for an-

idiabetic medications, levels of glucose, and so forth. 30-33 Therefore, it

s crucial for researchers to evaluate the accessibility and quality of the

ssential data elements from the selected source data. 28 , 29 

.2. Identifying health status 

Identifying health status from the research dataset is a fundamen-

al step to answer a research question. For example, researchers may

mploy algorithms to ascertain if a patient has sepsis, and this deter-

ination could be pivotal for assessing their eligibility for inclusion, or

scertaining the presence or absence of outcomes of interest within the

arget population, or establishing baseline characteristics of the study

ohort. 

However, the meta-data within the research dataset usually cannot

e directly used to identify the health status. For example, the absence

f a diagnosis code for a patient usually does not automatically imply

he absence of a particular disease. 14 , 34 , 35 For instance, previous stud-
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es found that over 40 % of patients with Alzheimer’s disease were not

dentified by the specific diagnosis code (i.e., 692.0 or 698.1), 36 , 37 and

ver 60 % of patients with sepsis were not coded. 38 Thus, researches

hould dedicatedly develop the algorithms that can accurately identify

he health status. 

Identifying health status typically involves developing computer-

xecutable algorithms that combined multiple data elements. 35 For ex-

mple, in identifying pulmonary arterial hypertension (PAH), an algo-

ithm using only ICD-9 codes 416.0 and 416.8 yielded a positive predic-

ive value (PPV) of only 9.3 %, while integrating information on two or

ore classes of PAH specific medications increased the PPV to 66.9 %. 39 

herefore, to address a specific clinical question, it may be necessary to

elect various data elements to define the health status and incorporate

hem into algorithms. 

.3. Relationship between research dataset and health statuses 

dentification 

Both establishing a research dataset and identifying health status are

ital steps for conducting studies using RCD. 40 The construction of a re-

earch dataset entails the extraction and refinement of a comprehensive

ool of data, often without strict adherence to a predefined research

uestion. Conversely, the identification of health statuses serves as a

rucial means of structuring the research dataset to align with the ana-

ytical requirements. Unlike dataset construction, health status identifi-

ation demands a well-defined research inquiry and standardized defi-

itions. By applying identification algorithms developed using multiple

ata elements from research dataset, researchers can effectively select

articipants meeting inclusion criteria or attribute specific health status

alues. Subsequently, the research dataset undergoes further refinement

o transition into the analytical dataset. 

While the process of constructing the research dataset has been ex-

ensively discussed elsewhere, 29 in this paper, we focus primarily on

ntroducing the methods for identifying health status. 

. Methods for developing algorithms for health status 

dentification 

In general, two primary methods are commonly employed in the

evelopment of identification algorithms: rule-based methods and ma-

hine learning methods. 41-43 Rule-based methods involve integrating

ata elements through logical rules derived by experts, while machine

earning methods utilize models to classify whether a patient falls into

he category of cases or controls. 41 Each method may be suited to dif-

erent scenarios with its own strengths and weaknesses. 44 In order to

ssist researchers in selecting the most suitable method and enhancing

he accuracy of the identification algorithms, we have compiled details

egarding the applicability, strengths, and limitations of both methods. 

.1. Rule-based methods 

.1.1. Application scenarios 

The rule-based algorithms are particularly suitable for identify-

ng health statuses that are characterized by simple disease or well-

efined diagnoses. 44 , 45 Examples include diabetes, 46 , 47 atrial fibrilla-

ion (AF), 48 and cirrhosis, 49 , 50 all of which have been successfully iden-

ified using rule-based algorithms with good accuracy. 

The suitability of rule-based algorithms for identifying the status of

hese conditions lies in their well-established nature in clinical settings.

he accuracy or completeness of diagnosis codes for these conditions is

ften higher. In addition, these diseases also can be confirmed by the ob-

ective laboratory test results or medications. Therefore, they can be ef-

ectively identify using structured data elements (such as diagnosis code

esults of laboratory test, vital signs, and prescription orders) 13 , 16 , 51 and

ogic rules, such as Boolean operations (e.g., OR, AND, NOT), compara-
3

ive operations (e.g., setting a threshold for laboratory test results), and

ggregative functions (e.g., CHADS2). 43 , 44 

For instance, determining whether a patient has diabetes can involve

ogical assessments using ICD-9 codes related to diabetes, levels of glu-

ose or hemoglobin A1c and antidiabetic medications. 52 Similarly, al-

orithms that employ logical combinations of data elements —such as

he frequency of electrocardiograms with AF, electrical cardioversion,

ntiarrhythmic use, novel oral anticoagulant use, and the ICD-9 codes

or AF —can assist in determining whether a patient has AF. 48 

.1.2. Key points for development 

Rule-based algorithms exhibit significant variability. Different algo-

ithms can be developed for the same disease based on varying combi-

ations of data elements and rules, resulting in differing levels of accu-

acy. 39 , 53 For example, algorithms for identifying type 2 diabetes can be

eveloped using ICD codes from outpatient or inpatient setting, or com-

ining elements such as elevated fasting glucose or hemoglobin A1c .

owever, algorithms relying on solely outpatient diagnoses typically

how lower accuracy compared to those based on inpatient diagnoses,

nd incorporating laboratory tests may help enhance the positive pre-

ictive values at the expense of sensitivity. 34 Understanding how differ-

nt data elements affect algorithm accuracy is essential for researchers.

able 1 displays considerations for utilizing various types of data ele-

ents in developing identification algorithms. 

Regardless of the data elements used, the logical constraints (rules)

hould adhere to healthcare guidelines or expert opinions. 54 In the de-

elopment of rule-based algorithms, the active participation of domain

linicians is crucial important. Clinicians can provide invaluable insights

nto disease diagnosis, medication usage trends, and characteristics for

istinguishing similar conditions. 

.1.3. Strengths and weakness 

Rule-based methods have been the most commonly employed tech-

iques for developing identification algorithms, showcasing several

trengths. 41 These algorithms inherently provide interpretability, assist-

ng in standard health status definition and enabling effective classifica-

ion. 44 Additionally, rule-based algorithms offer flexibility through the

asy addition or removal of data elements, enabling adjustments to al-

orithm accuracy to meet specific research needs. Different health status

ay have distinct requirements for algorithm accuracy (e.g., sensitivity,

pecificity). For instance, when the health status was used to determine

he occurrence of outcomes among participants, the algorithms may re-

uire high specificity. 55 , 56 

However, these strengths diminish when dealing with complex con-

itions. The development of rule-based algorithms heavily relies on hu-

an customization. 44 When dealing with health statuses that involve

igh-dimensional data elements, the effort and time required for devel-

ping the algorithms can be significant, potentially extending beyond

ix months. 41 , 44 

.2. Machine learning based methods 

.2.1. Application scenarios 

Machine learning methods are particularly valuable for identifi-

ation tasks involving complex diseases, vague diagnoses, subjective

udgement, 57 as well as scenarios where the relationship between in-

ut data and the health status (e.g., presence or not presence of health

vent of interest) is non-linear or too complex to be formulated by sim-

le logic rules or functions. 57 

Take primary hyperparathyroidism (PHPT) as an example. The clin-

cal diagnosis for PHPT relies on multiple laboratory test results includ-

ng PTH, calcium, and vitamin D. However, the trend of these indices

ay vary and relies more on the subjective judgement by clinicians.

or example, some cases may exhibit hypercalcemia alongside inappro-

riately normal concentrations of parathyroid hormone (PTH), while

thers may show a normal rage of calcium concentration but elevated
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Table 1 

Considerations when using different type of data elements for developing rule-based algorithms. 

Data elements 

Aspects for 

Considerations Explanation 

Diagnosis codes Sources of codes The accuracy of diagnostic codes varies across different sources; generally, 

diagnostic codes derived from outpatient settings exhibit lower accuracy 

compared to those from inpatient settings. 

Versions of codes The ICD coding version is periodically updated; researchers should be mindful 

that for the codes may vary when the data selected periods are changed. 

Laboratory data Order context Routine tests typically have fewer instances of missing data than non-routine 

tests, making them more suitable for algorithm development. 

Types of specimens When utilizing laboratory data, it is crucial to consider the specificity of the 

sample type concerning the disease under identification. For instance, arterial 

blood testing may provide more accurate insights into myocardial ischemia 

compared to venous blood. 

Repeated measures of 

laboratory results 

When utilizing laboratory data, the choice of utilization the repeated 

measures —whether using the median, maximum, most recently, or the timing 

trend —partly depends on the definition or features of health events to be 

identified. 

Medication 

order 

Therapeutic indication When utilizing medication information, it is essential to consider issues related 

to off-label drug use. For instance, antiepileptic order records do not exclusively 

indicate the presence of epilepsy, as these drugs are frequently used for 

preventing migraines or managing chronic pain as well. 

ICD: international classification of diseases. 
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TH levels. 58 Moreover, the PTH may be undermeasured in over 60 %

f the PHPT cases. 59 This complexity makes it challenging to develop

ule-based algorithms using these data elements. Yash and colleagues

eveloped machine learning algorithms using preoperative calcium, vi-

amin D, creatinine, PTH as inputs, achieving the accuracy of 95.2 %. 60 

nterestingly, even when excluding PTH, which had the most missing

alues among predictors, the accuracy of the identification algorithms

id not significantly decrease. 60 

The case of sepsis also illustrates the application of machine learn-

ng methods. Sepsis is a complex syndrome involving organ dysfunction

esulting from infection. 61 Several rule-based algorithms have been de-

eloped to identify sepsis, but they tend to exhibit low sensitivity or

recision due to the fuzzy pathobiology of sepsis, which is not easily

aptured by rules. 62 , 63 For this condition, machine learning methods

ave demonstrated higher accuracy for identification. 64 , 65 

.2.2. Key points for development 

The development of identification algorithms using machine learn-

ng includes supervised or unsupervised methods. Supervised learning

elies on labeled data to identify the status of health event of interest,

hereas unsupervised methods uncover patterns without labeled health

vent status. Interpreting the resulting classification of health status de-

ived from unsupervised learning is challenging, as there may be no

lear ground truth for the assigned groups. 41 Most existing machine

earning applications in health status identification rely on supervised

earning. 57 However, the accuracy of these algorithms heavily relies on

he quality of training labels, which can be obtained through various

trategies such as manual chart review, linkage to external databases,

xpert-defined rules, and pathology reports. 

In addition to the quality of training labels, the applicability of the

odel plays a crucial role in ensuring accurate identification. For in-

tance, the regression or tree model can provide the clear relationship

etween input data and the health events but limited by their simplicity.

eural networks models can handle complex or non-linear relationships

e.g., dynamic time-series data or time-dependent relationships) but are

imited in interpretability. 14 , 64 These considerations are vital through-

ut the algorithm development process to achieve precise disease iden-

ification within EHR data. 

.2.3. Strengths and weakness 

Machine learning methods have the potential to effectively process

oisy, high-dimensional data and uncover hidden patterns. This ap-

roach is particularly suitable for complex situations where the disease
4

o be identified has a fuzzy boundary with similar diseases, as it does

ot require the health event to be well pre-specified. 14 , 57 Additionally,

achine learning methods are less affected by data quality issues com-

ared to rule-based methods. 66 

However, developing a machine learning algorithm comes with sev-

ral limitations. Firstly, obtaining high-quality training labels can be

hallenging, often requiring a significant number of manual chart re-

iews, which is time-consuming and demands expertise from domain

xperts. 41 Secondly, machine learning algorithms, especially deep learn-

ng methods, can be challenging to interpret, as they often function as

black boxes". 67 The lack of transparency raises uncertainty about how

he algorithm makes decisions and how its classification outcomes align

ith the definitions of health statuses in the research questions. Another

imitation lies in the portability of the model. If the model was trained on

oorly representative samples, its performance may not be satisfactory

hen applied to the entire dataset, despite achieving good performance

n the training data. 

. The future 

We see many efforts have been doing to assist the identification of

ealth statuses. 

Firstly, there are publicly available platforms that have collected a

ariety of developed and validated algorithms. 68-70 Although the porta-

ility of algorithms across different databases is challenging, the data

lements, logic rules, or machine learning models within these methods

erve as valuable references for algorithms development. 

Secondly, the utilization of unstructured data (e.g., free texts writ-

en by clinician) can help improve the performance of identification al-

orithms, which may require pre-processing through natural language

rocessing (NLP) techniques 16 , 71 or large language model (LLM). 72 

tudies have found that NLP have the potential to facilitate the auto-

ated transformation of free texts written by clinicians into structured

odes. 73 

Thirdly, ongoing standardization efforts in electronic health record

EHR) data, such as the Systematized Nomenclature of Medicine Clini-

al Terms (SNOMET CT), provide promising future for enhancing data

tructuring and facilitating more effective information utilization. 

These efforts hold the potential to significantly advance the identifi-

ation of health statuses and facilitate studies on drug safety, exploration

f risk factors, and analysis of healthcare utilization patterns. Further-

ore, they provide a path for rapid translation of research findings in

ealthcare delivery. 
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. Practical example —an implication in integrative medicine 

esearch 

The integrated TCM and Western Medicine (WM) approach has been

idely adopted for treating acute pancreatitis (AP) in China. 4 To in-

estigate the treatment effect of integrative therapy, we established a

esearch database comprising 44,033 AP patients. In this study, health

tatuses of interest include TCM syndromes of included patients, the

resence or absence of sepsis, and whether patients received the treat-

ent of chaiqin chengqi decoction (CQCQD). 

To identify patients who received CQCQD, we employed the rule-

ased algorithms, since this information was well-structured and suit-

ble to such an approach. For identifying patients with sepsis, we opted

or a machine learning approach due to the diagnostic complexity of

epsis, which involves multiple clinical factors that cannot be easily

aptured by simple logic rules. To enhance the classification perfor-

ance, we implemented rigorous labeling strategies and chose appro-

riate models. 56 

With respect to TCM syndrome, the information is generally embed-

ed within unstructured free-text documents, such as admission sum-

aries and progress notes, making it challenging to directly apply for

linical research. 74 To address this issue, we employed NLP technology

o assist in extracting relevant TCM syndrome information from these

exts and encoding it into a structured format. Then, the presence or

bsence of a specific TCM syndrome were identified using rule-based

lgorithms composed of the codes we have assigned. 

. Conclusions 

In light of the exponential increase in the use of RCD in clinical stud-

es, efforts to enhance the quality of these studies are undoubtedly neces-

ary. Identifying health statuses represent a fundamental step in imple-

enting studies using RCD. The choice of suitable methods for develop-

ng identification algorithms may vary depending on the characteristics

f health events to be identified. The careful selection of an appropriate

lgorithm for identifying health statuses emerge as a pivotal step in re-

ucing resources waste or enhancing the accuracy of algorithms to be

onstructed. 

This review provides application scenarios, strengths and weakness

f different methods for developing identification algorithms. As the

tructured nature of RCD evolves and clinical recognition or diagno-

is methods for diseases advance, the most suitable methods may shift.

esearchers need to adopt a dynamic perspective, considering these

hanges in the context of clinical questions. Regardless of the method

sed to develop the algorithm, thorough validation is imperative to pro-

ide further insights into the robustness of study results. 
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