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Evidence pyramid in laboratory medicine 

Laboratory medicine aims to provide tests to guide clinical 
decision making. Generally speaking, it doesn’t provide 
direct treatment and/or interventions and its effectiveness 
can only be reflected from its ability to classify patients into 
those who will benefit from treatment and those whose will 
not. Some biomarkers may be useful to identify patients 
with certain disorders, but there may not exist an effective 
treatment for such disorders, and these biomarkers will be 
considered to be clinically effective (1). The usefulness is 
not equivalent to effectiveness in the paradigm of evidence-
based medicine. For instance, the pulse-indicated continuous 
cardiac output (PiCCO) device is a powerful tool in bedside 
monitoring of hemodynamics for critically ill patients (2). 
It provides dozens of hemodynamic parameters that helps 
doctors to gain a global view on circulatory status including 
cardiac function, vascular resistance, pulmonary edema 

and volume status (3). However, these parameters have not 
successfully translated into solid clinical benefits for those 
critically ill patients (4). In other words, PiCCO device is 
useful to obtain a global assessment of hemodynamic status, 
but clinicians lack treatment strategies to translate the 
knowledge into clinical benefits. One successful example 
in laboratory medicine is the use of procalcitonin (PCT) 
to guide antibiotic therapy (5). It has long been recognized 
that PCT is a specific biomarker of bacterial infection (6,7). 
Although there are many confounding factors that may 
influence the linkage between PCT and infection, PCT is 
much better than C-reactive protein. Thus, it is considered 
to be useful in identifying infection. More recently, there 
are randomized controlled trials (RCT) showing that 
discontinuation of antibiotics according to the decrease 
in PCT can help to reduce the use of antibiotics but not 
increase the risk of infection relapse (8-10). The lesson we 
can learn from the PCT case is that the high-grade evidence 
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for the effectiveness of laboratory biomarkers should be 
based on RCTs employing patient outcomes as the study 
end-points such as mortality, morbidity, quality-of-life 
or cost of treatment. Without high quality RCTs, these 
biomarkers can only be useful in identifying certain type 
of disorders, but they can never be recommended strongly 
for clinical use. In the Grading of Recommendations 
Assessment, Development and Evaluation (GRADE) 
framework, the diagnostic accuracy as represented by 
sensitivity and specificity is considered to provide lower 
level of evidence than other patient-important outcomes 
(11,12). Brain natriuretic peptide (BNP) is another example 
in laboratory medicine that it can help to distinguish 
patients with dyspnea from respiratory or cardiac origin 
(13-16). A BNP level of greater than 500 ng/L should direct 
clinicians to start treatment for heart failure, which in turn 
translates to improved patient outcomes (16,17). However, 
BNP is only recommended for use in emergency conditions 
and its utility has not been validated in in-hospital or critical 
care settings. The diagnostic accuracy of a test can be 
influenced by the target population. In critical care setting, 
the patients typically suffer from multiple organ failure, 
which increases the burden of confounding.

Predicament in current evidence based 
medicine

In the paradigm of current evidence based medicine, high-
grade evidence is based on well-designed RCTs which are 
costly, labor-intensive and sometimes unethical to perform 
(18,19). As a result, the generation of high-grade evidence 
cannot meet the need of daily clinical practice. In other 
words, most clinical practices involving ordering blood 
tests and other laboratory measurements are not based on 
empirical evidence. For instance, point-of-care ultrasound 
is an area of intensive research at present because the 
ultrasound can provide a large amount of information on 
organs and hemodynamic status of critically ill patients 
(20,21). However, there is a lack of strong evidence that 
such measurement can be translated into benefits in patient-
important outcomes such as mortality. Nevertheless, 
clinicians are still keen on performing point-of-care 
ultrasound, advocating that ultrasound is a stethoscope in 
the 21 century (22-24). We need to pay attention to the 
fact that there is lack of evidence for such a diagnostic tool, 
although the ultrasound imposes no direct harm to patient 
it bears an opportunity cost.

Cardiology is a specialty with advanced evidence-based 

medicine, but scientific evidence underlying cardiology 
practice is mostly based on low level of evidence. Tricoci 
and colleagues have examined the recommendations issued 
by the American College of Cardiology (ACC) and the 
American Heart Association (AHA) and found that only 
314 of the 2,711 examined recommendations (11%) are 
classified as level of evidence A, whereas 1,246 (48%) are 
at the level of evidence C (25). The situation is similar 
in oncology practice (26). There is no data on laboratory 
medicine, but the situation cannot be better. There is a large 
body of evidence showing that clinicians frequently raise 
questions in their daily practice, but roughly half of them 
are never pursued (27-30). The primary reasons that the 
doctors did not continue to pursue answers to the questions 
were the doubt that a useful answer exists (31). There is a 
large gap between the needs of high-level evidence in real-
world practice and the lack of such evidence generated by 
high quality RCTs.

Potential application of clinical database in 
laboratory medicine

While RCTs are gold standard of clinical practice, they 
cannot cover all decisions that clinicians made on a daily 
basis. Reasons prohibiting the performance of RCTs 
includes, but not limited to, ethical issues, constrained 
financial and human resources (32,33). An alternative to 
RCTs is the employment of electronic databases generated 
by other purposes such as insurance, administration and 
registry. With the development of information technology 
and big-data processing techniques, more and more 
electronic big-data are available to investigators (34-36). 
These clinical databases are typically large in sample sizes, 
providing an important source of evidence to guide clinical 
practice.

Electronic healthcare records (EHR) have the patient 
level granularity of complete data to address complex 
research questions, which are not realizable by using 
traditional discharge records or registry databases. Some 
databases are created for specific purposes and lack 
sufficient variables to control for confounders in complex 
research questions. For example, the Dartmouth Atlas 
utilize Medicare collected data to monitor the medical costs 
and patient outcomes (http://www.dartmouthatlas.org/),  
which cannot be employed to investigate complex 
interaction between laboratory variables and treatments. 
The Laboratory Information Management System (LIS) 
has been widely used in Chinese hospitals for several 

http://www.dartmouthatlas.org/)
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decades, and the system has stored millions of laboratory 
values that can be linked to EHR system (18). The latter 
system contains medical orders, discharge outcomes, 
operations and treatments. As a result, laboratory values 
can be associated with interventions and outcomes, which 
provided opportunity to answer complex clinical questions. 
Our previous studies have utilized such information systems 
to explore the association between platelet indices and 
mortality risk (37), the causal relationship between serum 
chloride levels and development of acute kidney injury  
(AKI) (38). These studies included thousands participants, 
which is infeasible by designing a prospective cohort study 
and data being collected by hand. Although such studies 
cannot provide high-level evidence for clinical practice 
according to GRADE guideline, they provide insights 
into interactions between laboratory values and clinical 
outcomes. The next step will be to investigate for instance, 
whether the administration of balanced fluid (less chloride) 
compared with chloride-rich fluid is able to reduce the 
incidence of AKI.

Traditional techniques to control for confounding

The confounding i ssues  are  the Achi l les  heel  in 
observational studies. Studies employing existing databases 
are observational in nature, in which the control of 
unmeasured confounding factors is impossible. However, 
all conventional techniques to control confounding are 
applicable to big-data research. These techniques include 
stratification, matching, multivariable regression and 
propensity score analysis (39,40). In conventional cohort 
studies, because the sample size is limited and thus variables 
employed to control for confounding cannot exceed 
a certain number. In multivariable logistic regression, 
the number of covariates are typically less than one 
tenth of the event of interest (41,42). Also, the variables 
collected by hand are predefined for the primary research 
purpose, which markedly limit the secondary analysis 
for another research question. In a study investigating 
the effectiveness corticosteroids in patients with acute 
respiratory distress syndrome (ARDS), we employed data 
from a RCT evaluating the effectiveness of statins. Thus, 
many confounding factors that may influence the use of 
corticosteroids are lacking (43). By employing EHR, there 
will be no such restriction because the EHR contains nearly 
all information recorded during clinical practice (44). The 
large sample size of clinical databases enables the inclusion 
of more covariates in multivariable regression. 

Machine learning in laboratory medicine

Machine learning methods are probably the most popular 
in the area of big data. A large proportion of clinicians’ 
endeavor in medical decision making is classification. All 
these questions are does my patient have the disease? In 
what stage does it belong to? Which group of patients can 
benefit from the treatment? All these questions related to 
classification or diagnosis. In many fields of diagnostics, 
machine learning algorithms appear to be superior or 
equivalent to the most sophisticated doctors in making 
correct diagnosis. For example, scientists have succeeded in 
building a deep learning algorithm which is able to detect 
diabetic retinopathy with the sensitivity and specificity of 
96.1% and 93.9%, respectively (45). Similarly, a machine 
learning method called convolutional neural networks was 
able to identify skin cancer with a level of competence 
comparable to sophisticated dermatologists (46).

Since the major task of laboratory medicine is to make 
diagnosis or identify patients who will benefit the most 
from interventions, the machine learning methods have 
extensive applications. Actually, the application of machine 
learning methods in laboratory medicine has witnessed an 
exponential increase in recent years. PubMed was searched 
with the key words “laboratory medicine” and “machine 
learning” and found that the use of machine learning is 
increasing (Figure 1). Although the search strategy is not 
systematic and comprehensive, this result indicates the 
enthusiasm on the application of machine learning in recent 
years. 

Typical examples of machine learning techniques in 
laboratory medicine include to enhance understanding 
of the relationship between gamma glutamyl transferase 
and other components of liver function, improve the 
prediction of hepatitis C and B, and the association of 
bilirubin and white blood cell count (47). Pattanapairoj 
and colleagues developed a C4.5 decision tree classification 
model to distinguish cholangiocarcinoma from other 
benign disorders, and the model showed a good diagnostic 
performance (48). The inclusion of test for anemia by using 
random forests model can help to improve the diagnostic 
accuracy of breast cancer (49). 

Summary 

The primary aim of laboratory medicine is to make an 
accurate diagnosis and risk stratification. The rule of thumb 
to judge whether a biomarker could be recommended 
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for clinical use lies in its effectiveness in improving 
patient important outcomes such as mortality, morbidity, 
hospital length of stay and cost. While the gold standard 
of effectiveness relies on RCTs, big-data clinical study 
employing EHR provides an alternative to guide clinical 
practice. RCTs are limited by their strict inclusion/
exclusion criteria, high cost and ethical constraint. EHR 
contains data on patient-level granularity and can help to 
disentangle complex research questions. The Achilles’ heel 
of observational results (e.g., big-data study is a kind of 
observational study in nature) is uncontrolled confounding. 
Although it is still impossible to control for unmeasured 
confounding factors, the re-use of EHR helps to control 
as much confounding as possible. Recent decades have 
witnessed exponential increase in the application of machine 
learning techniques in laboratory medicine and these novel 
techniques continue to provide cutting edge tool for better 
prediction and stratification of diseases.
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