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Summary
The search for synergy in laboratory data

Medical decisions are often based on laboratory test results. To facilitate the 
interpretation of these test results, they are accompanied with a reference interval. 
However, as each person is unique, also reference intervals should be personalized. 
Traditionally, age and gender are well-known factors that are already taken into account. 
The impact of other influencing factors on test results, e.g. renal function, is usually not 
included in the reference interval but remains hidden in the pile of data. This hampers 
the clinician to interpret test results. To convert analytical laboratory data into clinical 
information, patient data need to be aggregated across different systems and data-
analytical tools are needed to uncover the information hidden in the data. By combining 
laboratory medicine with data science, a synergy can be created that supports clinical 
decision-making. 

This search for this synergy is challenging as the need for data science in the field of 
laboratory medicine is only just emerging and hospital systems are not designed to 
use data for the development and implementation of data-driven models. This thesis 
describes three examples in which the increasing complexity of interpreting test 
results is dealt with by using data-analysis techniques. The presented work includes the 
considerations involved in using clinical data for modeling and external validation of a 
data-driven model. Mainly laboratory and clinical data of bariatric patients are used, as 
the obesity center of the Catharina hospital uses an extensive routine panel of laboratory 
parameters embedded in a five-year treatment and follow-up program.

First, the question ‘what is normal?’ is addressed in the interpretation of laboratory 
test results of bariatric patients. Traditionally, laboratory test results are interpreted 
in reference to a ‘healthy’ population, having a statistically derived one- or two-sided 
reference interval. However, the range of test results in patients with disease is also 
relevant for the interpretation of the observed test result. The bariatric population has 
obesity, which is a clear example of a condition that is by definition considered ‘non-
healthy’ and exists in varying degrees of severity. The challenge in interpreting laboratory 
test results in this population is to discriminate between the effect of obesity and the 
effect of additional disease like diabetes mellitus. To demonstrate the diversity in disease 
state, laboratory data of bariatric patients are visualized with beanplots. A beanplot is an 
alternative to the traditional boxplot, allowing for easy visual comparison of univariate 
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data. The consecutive measurements of relevant biochemical markers allow for the 
exploration of the health state of bariatric patients and the comparison of different 
patient subgroups, identifying what is ‘normal’ and ‘abnormal’ in the context of obesity.

Second, laboratory data are used to quantify the influence of renal function on the 
circulating level of methylmalonic acid (MMA) and thereby improve the interpretation 
of observed MMA concentrations in patients with impaired renal function. MMA is 
a surrogate biomarker for diagnosing vitamin B12 deficiency and accumulates when 
intracellular deficits of vitamin B12 arise. However, MMA also accumulates in blood 
when renal function is impaired, but the degree to which the renal function influences 
the accumulation of MMA is unknown. This interaction influences the interpretability 
of MMA test results. Therefore, a data-driven model was developed that quantifies 
the influence of decreased renal function on MMA and can correct observed MMA 
concentrations for decreased renal function. By correcting the observed test result, 
the existing reference interval for MMA can be maintained, facilitating ease-of-use of 
the corrected MMA by the clinicians. Retrospective assessment of the clinical impact 
of the MMA correction model shows that the use of uncorrected MMA concentrations 
overestimates the diagnosis of vitamin B12 deficiency by 40%. This demonstrates 
the MMA correction model is a supportive tool in clinical decision-making based on 
laboratory test results and may prevent overdiagnosis of vitamin B12 deficiency and 
corresponding treatment. 

Third, laboratory data of bariatric patients are used to quantify the effect of not one 
but multiple factors that simultaneously influence the patient’s disease state. Patients 
with obesity can have multiple, interdependent comorbidities like insulin resistance, 
hypertension, and dyslipidemia, which are referred to as the metabolic syndrome. 
When laboratory test results are interpreted individually, it is hard to assess the overall 
metabolic health state of a patient. However, this metabolic health state is a criterion 
for the eligibility for bariatric surgery and bariatric clinicians struggle how to objectively 
quantify the impact and improvement of these obesity-related comorbidities. Therefore, 
in analogy to the body mass index (BMI) as index for weight (loss), the metabolic health 
index (MHI) was developed to objective quantify the metabolic health status. The MHI 
model combines multiple laboratory test results and captures the metabolic health state 
into a single read-out parameter. Hereby, the MHI provides additional information that 
is derived from laboratory data and supports the clinician in assessing the patient’s 
metabolic health state and subsequent clinical decision-making. 
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To demonstrate universal applicability of the MHI model, evidence is provided that the 
MHI performs well regardless of the dataset used to build the model. It is generally known 
that there is a chance of overfitting a data-driven model on the data. Consequently, the 
model may perform well on the data which are used for model development, but may 
show poor performance on new data. Therefore, it is necessary to validate a model on a 
new cohort or on data of other institutions before implementation in clinical practice, i.e. 
an external validation. The MHI model has been critically evaluated for both robustness 
and generalizability, using additional datasets of multiple other bariatric centers in 
the Netherlands. In addition, the effect laboratory-related factors like biological and 
analytical variation of the involved biomarkers on the MHI is quantified. The external 
validation of the MHI shows that the MHI can be applied in bariatric centers in general, 
regardless of patient mix and analytical platforms. 

The MHI has the potential to serve as an individual outcome measure of bariatric 
surgery, as it is able to discriminate between severity of metabolic comorbidities and 
detect the improvement in the metabolic health state over time. The MHI also has the 
ability to ‘detect’ under- and overregistration of comorbidity, revealing the difficulty in 
identifying comorbidities and their severity in bariatric patients, especially when multiple 
comorbidities co-exist (‘what is normal?’). In addition, the added value of the MHI as 
decision support tool in determining the eligibility for bariatric surgery is described. A 
MHI cut-off value is derived that helps to discriminate between metabolically ‘healthy’ 
and ‘unhealthy’ patients with obesity, providing a reference to the interpretation of the 
MHI and thereby aids in deciding for or against bariatric surgery.

In conclusion, combining laboratory test results with relevant clinical data generates 
clinically usable information. Therefore, it should be an essential part of laboratory 
medicine, but unfortunately is hard to bring into practice. For one, because underlying 
factors that influence test results are not fully known. Secondly, because current 
database infrastructures and hospital information systems are not yet ready to support 
data-driven enrichment of test results. Despite these challenges, the work presented 
in this thesis shows the successful utilization of the synergy between data science and 
laboratory data. This thesis illustrates how factors that influence laboratory test results 
can be quantified and visualized. Thereby, the information content of laboratory test 
results increases. It also shows how much work needs to be done to evolve from data 
collection to model validation and ultimately arrive at a clinically useful model. Both 
the MMA correction model and the MHI model that are presented in this thesis, are 
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implemented in our laboratory information system, returning the created additional 
information directly to both the clinician and the patient. By addressing data-related 
challenges as presented in this thesis, close cooperation between laboratory medicine 
and data science can further expand the added value of laboratory specialists to the 
clinic and display their expertise in evaluating laboratory data.





“Synergy is better than my way or your way. It’s our way.” 

Stephen R. Covey  

General introduction
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The clinical laboratory as starting point
Clinical laboratories have a key role in patient care asthey have always been a key source of 
data that informs clinical decisions. Therefore, it seems logical to address the unmet need 
for aggregating patient data across different systems through the clinical laboratory.(1,2) 
Additional value beyond the traditional role of reporting test results can be created by 
analyzing the data in the context of other information about the patient or population. 
The large datasets collected by clinical laboratories can provide a basis for understanding 
emerging diseases and tracking chronic conditions.

Laboratory data can be used, either alone or combined with other databases, to answer 
medical questions or address unmet clinical needs.(3) Also, there is more expertise for 
evaluating data among laboratory specialists than in any other group of healthcare 
professionals, as they are used to looking at test results, quality control data, patient test 
result distributions, and method evaluations.(1,2,4) Laboratorians also have been using data for 
determining root causes of failures, defects, and opportunities for improvement. However, 
the best approach to add value to data is to form a collaborative team together with data 
scientists and clinicians to fully exploit the potential of combining clinical and diagnostic data.(5)

Clinical laboratory data

Traditionally, laboratory test results are interpreted in reference to a ‘healthy’ population. 
This reference interval is a statistically-derived numerical range obtained by testing samples 
of individuals assumed to be healthy. Based on the distribution of the test results within 
this ‘healthy’ reference population, a one- or two-sided reference interval is defined 
covering 95% of these ‘normal’ values.(6,7) This automatically implies that one in 20 ‘normal’ 
individuals will have laboratory test results outside the reference interval. In other cases 
a cut-off value is chosen because of its suitability to the clinical application of the test.(8)

Intuitively, reference values are generally adequate but the selection of a valid reference 
population is challenging. The initial assumption that the sample population is ‘healthy’ 
may be false, e.g. the reference interval is inaccurate if too many individuals with 
subclinical disease (i.e. no signs or symptoms of disease) are included in the sample 
population. Failure to control for physiologic variables like age, gender, ethnicity, body 
mass, diet, posture, and time of day, introduces confounding factors and may result in 
an inaccurate reference interval (Figure 1). As new information relating to disease and 
treatments becomes available over time as well as the introduction of more sensitive 
assays, reference intervals may change.(9,10)
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Figure 1. Tip of the iceberg. There are many factors that influence the interpretation of a lab-
oratory test result. Age and gender are well-known factors that are already taken into account. 
However, these are only the tip of the iceberg and many factors remain hidden.

Also, defined reference values are fully dependent on the measurand. As the analyte is 
the substance or constituent of interest that is subject of measurement, the measurand 
is the particular quantifiable property of the analyte used in the measuring system.
(11) Many factors can influence this measurand, e.g. the applied analytical technique, 
reagent, and equipment used to quantify the analyte of interest in its specific matrix. 
For example, albumin in blood can be measured by chromogenic assays using either 
bromocresol green (BCG) or bromocresol purple (BCP). However, the BCG dye-binding 
method results in significantly higher albumin concentrations than results with the BCP 
dye-binding method.(12) When the same reference interval is applied in both methods, 
different conclusions may be drawn.

The influence of all these factors on the analyte of interest displays the need to provide 
more information next to the laboratory result alone and take into account the context 
in which the laboratory test result is obtained. Because the laboratory has to identify 
the patient at the time of sampling, the age and gender of the patient is always known, 
which in many cases allows providing a more accurate interpretation of the test result. 
For example, for biomarkers hemoglobin, liver enzymes, and hormones, interpretation 
is already guided by age- or gender-specific reference intervals. However, of many other 
influencing factors, if they are known at all, the information is normally not available for 
the laboratory and is thus not taken into account upon interpreting the results. So, here 
is a great opportunity to convert the results of the laboratory into information that is as 

1
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useful as possible for the clinician by involving as many factors as possible and objectively 
quantifying their effect on the lab results.

Data science in the clinical laboratory: the search 
for synergy
Exploring the additional value of clinical laboratory data implies extracting large amounts 
of data from the electronic patient records, including laboratory test results. In the 
past, collecting and analyzing so much information manually might have taken days 
or weeks, but current analytics systems can accomplish the same task in seconds. 
Access to such detailed information enables laboratories to focus on identifying key 
opportunities to improve patient care. So, the act of gathering and storing large amounts 
of information for eventual analysis is nothing new, but the ability to harness this data 
is rapidly improving.(2,4,13–15)

Data science in general refers to the combination of computational, statistical and 
domain knowledge necessary to recognize subtle patterns in high volume, complex 
data and then develop descriptive or predictive models based on those analyses.(16) 
It brings new insights when large-scale datasets are brought together to characterize 
and address complex problems using a wide range of methodologies with the potential 
to accelerate data-driven discovery. Laboratory data science can be described as the 
application of mathematical techniques to raw laboratory data in order to extract 
additional information from diagnostic tests capable of affecting medical decisions.(14) 
This concept assumes that any processing of results that leads to ‘derived’ values must 
produce more information than is evident in the raw data, thus creating synergy with 
laboratory data through data science.(16)

Synergy in multiple dimensions

The results of medical laboratory tests directly influence various medical decisions as 
they are performed to 1) confirm or rule out a suspected diagnosis, 2) differentiate 
among possible diagnoses, 3) determine the stage, activity, or severity of disease, or 4) 
monitor the course of disease and assess effectiveness of therapy.(6) Therefore, besides 
defining reference intervals based on ‘healthy’ subjects, the range of test results in 
patients with disease is also relevant for interpreting the obtained laboratory result. 
However, the spectrum of disease is often much broader compared to what is considered 
‘healthy’. This diversity in disease states is not captured by simply stating the obtained 
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test result falls outside the reference interval; the degree in which an analyte is increased 
or decreased provides more information on the disease state. In addition, disease is 
dynamic and can be influenced by many other factors.

This increasing complexity of interpreting laboratory test results can be dealt with by 
using data analytical techniques that have the power to rapidly process many data.(13) The 
interplay between laboratory medicine and data science can result in new information 
that is of additional value to the clinicians and thus patients. The synergy evolving from 
combining two different domains can be explored at different dimensions.

One dimension

An example of a condition that is considered non-healthy and which exists in varying 
degrees of severity is obesity. The challenge of interpreting laboratory test results in this 
subpopulation is to discriminate between the effect of obesity and the effect of additional 
disease like diabetes mellitus. The distribution of biomarkers like glycated hemoglobin 
(HbA1c), and thus what is considered ‘normal’ in this subpopulation, might already be 
shifted solely by the effect of obesity (Figure 2).(17) Intuitively it would be fair to assess 
the test results in context of a reference that is more similar to the patient himself.(18) 
Collecting and analyzing data of patients with obesity could provide such reference and 
help discriminating ‘normal’ from ‘abnormal’ in this specific subpopulation.

Figure 2. Data distributions. The distribution of laboratory test results depends on the reference 
population. The ‘healthy’ population (green curve) has a different mean (dashed line) compared 
to the ‘diseased’ population (red). However, a subpopulation with other baseline characteristics 
like obesity (blue) may already have a shifted ‘healthy’ population resulting in a larger overlap 
with the ‘diseased’ population.

1
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Two dimensions

The interpretation of a laboratory test result may not only depend on the result itself but 
also on underlying contributing factors. Renal function is for example a known parameter 
that influences the degree in which some biomarkers, e.g. methylmalonic acid (MMA), 
are cleared from the blood. MMA accumulates when intracellular deficits of vitamin 
B12 arise and is therefore a functional marker for diagnosing vitamin B12 deficiency.
(19) However, the concentration of MMA in blood also increases upon decreased renal 
function. Therefore, an MMA test result should be interpreted in the context of the 
patient’s renal function. This means interpreting two test results simultaneously (Figure 
3). However, the degree to which the renal function influences the accumulation of 
MMA is unknown. The interpretation of MMA in patients with renal failure is therefore 
challenging. By adding renal function as a second dimension to the reference interval of 
MMA, a more accurate interpretation of MMA is possible.

Figure 3. Data in two dimensions.  When considering two laboratory tests simultaneously, the 
conjunction of their ‘normal’ reference range (dashed lines) results in a two dimensional space 
of reference (green square).

Multiple dimensions

The assessment of disease becomes more complicated when multiple factors are 
simultaneously influencing the disease state. The metabolic syndrome (MetS) is an 
example of a disease that consists of a continuum where multiple, mutually dependent 
comorbidities develop gradually in patients with obesity (Figure 4). MetS is characterized 
by diabetes mellitus type 2, hypertension, and dyslipidemia and is a widely accepted 
concept identifying the patient with obesity and increased risk for cardiovascular 
disease. (20) Therefore, it is important to assess these comorbidities in obese patients. 
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All these comorbidities individually influence laboratory test results but due to their 
mutual dependence, it is hard to assess the overall severity of disease of a patient when 
laboratory test results are interpreted separately. By combining multiple laboratory tests 
that capture the disease state into a new read-out parameter, additional information can 
be provided that may help the clinician in objectively assessing the severity of metabolic 
disease in an individual patient.

Figure 4. Towards multiple dimensions. The metabolic syndrome is a continuum, where the 
underlying comorbidities diabetes mellitus, dyslipidemia and hypertension are also dynamic and 
interdependent. Assessing overall metabolic health state is not a straightforward summation of 
each individual comorbidity.

Scope of the thesis
This thesis illustrates the interplay between clinical needs and data science solutions 
using laboratory data. By applying algorithms to large data sets, models can be built 
that combine existing data and make new information available, enabling personalizing 
care to meet each individual’s specific health needs (personalized healthcare).(21,22) The 
path to meeting unmet clinical needs with data-driven models runs from identifying and 
collecting raw data to the validation and implementation of the model. All these steps are 
discussed in this thesis, providing guidance for laboratory specialists and data scientists 
who want to add value to clinical and diagnostic data.

The usage of clinical data and application of data science methodologies may create a 
synergy from which both the clinician and the patient may benefit. In this thesis three 
examples are described where this synergy is created in using existing hospital data, 
laboratory data in particular, and data science. Also, an external validation of one of 
the models is described, displaying its robustness and transferability to other hospitals. 

1
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The models described in this thesis are already implemented in daily clinical practice, 
returning the created additional information directly to both the clinician and the patient.

Chapter 2 is an overview that describes how data extracted from both the hospital and 
laboratory information system should be handled before using them for knowledge 
discovery and model building. There are multiple critical steps that should be taken into 
account during the process of data collection and data preprocessing in order to obtain 
a reliable, robust, and replicable dataset. Biases or nonsensical findings are introduced 
easily, making the data unsuitable for many research questions.

Chapter 3 describes how visualization of laboratory data results in intuitive interpretation 
of test results in a specific subpopulation with obesity (‘one dimension’). The obesity 
center of the Catharina hospital uses an extensive panel of laboratory parameters 
embedded in a five-year program. Bariatric patients either underwent gastric bypass or 
sleeve gastrectomy to aid weight loss and improve metabolic health status. Consecutive 
measurements of relevant biochemical markers allow the exploration of the health state 
of bariatric patients and the comparison of different patient groups, identifying what is 
‘normal’ and ‘abnormal’ in the context of obesity. The distributions of biomarkers are 
visualized by beanplots. A beanplot is an alternative to the traditional boxplot, allowing 
for easy and thorough visual comparison of univariate data.

In chapter 4 it is described how laboratory data are used to develop a model that 
quantifies the degree to which the renal function influences the accumulation of MMA in 
the blood. Here, a single factor is added which is known to influence the interpretation of 
other test results (‘two dimensions’). This is a clear example where additional information 
is created by combining existing laboratory test results using a data-driven approach. 
Next to the development of the MMA correction model, also the potential clinical impact 
is described.

Chapter 5 describes the application of the laboratory data of the bariatric population 
to develop a quantitative measure of metabolic health burden in bariatric patients. This 
new read-out parameter captures the health burden due to the metabolic syndrome by 
combining multiple laboratory tests from the extensive laboratory panel in the bariatric 
surgical program (‘multiple dimensions’). Such a measure answers a clinical need of 
bariatric clinicians, who struggle how to objectively quantify the impact and post-surgical 
improvement of obesity-related comorbidities. The developed read-out parameter is 
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called the metabolic health index (MHI) and provides additional information based on 
routine laboratory parameters that may help the clinician in objectively assessing the 
severity of disease in an individual patient.

As the quality of diagnostic instruments should not only be cross-validated on the original 
dataset, the evidence that the MHI performs well regardless of the dataset used to 
build the model is provided in chapter 6. The developed MHI model has been critically 
evaluated for robustness and transferability, using additional datasets of both our own 
bariatric center and other bariatric centers in the Netherlands. In addition, as the MHI 
is calculated using four laboratory parameters, the effect of both pre-analytical and 
analytical factors like biological and analytical variation on the MHI was quantified, 
resulting in a measure of variance in the MHI.

In chapter 7 the potential of the MHI to serve as an individual outcome measure of 
bariatric surgery is described, as well as its added value as decision support tool in 
determining the eligibility for bariatric surgery.

A general discussion of the work presented in this thesis is given in chapter 8. Here, 
the implementation of the developed models in clinical practice is reflected, providing 
directions for future research.

1
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Using data from electronic health records
Hospitals are producing massive amounts of data, which are nowadays stored in 
electronic health records (EHRs). These data are currently more and more reused for 
large scale analysis to expand knowledge about disease and appropriate treatment, to 
strengthen understanding about effectiveness and efficiency of health care systems 
(value-based health care), and to develop models that can support the clinician’s decision 
making.(1) Especially, clinical laboratories, who are charged with ensuring quality of data 
in their laboratory information systems (LIS), can and should make use of the wealth of 
data they produce to provide additional informative value to the results they report.(2,3)

Data warehouses: the Holy Grail?

As clinicians are often unaware of the complexity of EHR data in hospital information 
systems (HIS), organizations are developing so-called data warehouses in which de-
identified data is stored in a standardized database architecture.(4) By tapping into these 
data warehouses, one can perform a retrospective observational study for the purpose of 
answering one specific question in less than a day. Hereby, clinicians can obtain “practice-
based evidence” that may inform decisions on quality-improvement initiatives and even 
direct care of individual patients.

Although the use of these data warehouses reduces the burden of data preprocessing, 
they come with a price. As health data are recorded for a variety of purposes, this 
has a significant impact on the quality of the data and the resulting findings.(1,4) EHRs 
are designed to facilitate the work of care providers and technology must support and 
complement this mission. Therefore, clinical data in data warehouses are collected in 
response to a care demand of a patient, and therefore by definition introduce inclusion 
bias. (5,6). There must have been a reason why tests are ordered and the resulting data 
is stored, so the fact that the data is there (or not) already is information, which should 
not be overlooked.

Based on the clinical context, the clinician determines which data is included in the EHR 
and how it is recorded. This is done partly in structured fields, partly as unstructured 
information like reports, letters, images or scanned forms. As a direct consequence, 
the resulting data might be incomplete from a research standpoint, stored in different 
formats or missing altogether. This raises concerns about the quality of the data and 
their suitability for research, as poorly representative datasets can introduce biases that 
affect the clinical relevance of obtained knowledge and models. (1,7,8). In addition, patient 
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records in data warehouses are de-identified which limits the ability of researchers to 
verify data quality with information external to the database.

However, being aware of these potential limitations of data warehouses, the use of 
retrospective medical data for large-scale analyses is encouraged. By implementing 
maximal safeguards to data integrity, sensitivity analysis, and rapid validation of existing 
data, reusing of retrospective EHR data is an attractive strategy for making well-informed 
decisions. (5,6)

Bringing medicine and data science together

Naïve use of data-analysis techniques, without a full understanding of the complexities 
and limitations of EHR data, can result in loss of valuable information, biased or erroneous 
algorithms, and invalid cause and effect inferences.(8–10) Therefore, clinicians need the 
expertise of data scientists to deal with the limitations of retrospective data and to 
identify and transform the raw data from the EHRs into usable data for analysis.(11) On the 
other hand, the data scientists need the medical knowledge of clinicians to understand 
the data they are working with. Fortunately, the number of professionals who are being 
trained to understand the medical issues as well as the technical and engineering ones 
is increasing. Data scientists who understand medicine are better able to design systems 
that are both responsive to the actual clinical need and sensitive to the workflow and 
the clinical culture. Thus, by bringing medicine and data science together, a synergy 
can be created of which both the clinician, the individual patient, as well as the general 
population may benefit.

The data mining process
In general, the aim of mining massive amounts of data is to obtain new knowledge that is 
both understandable and valid.(12) Data mining is executed through a structured process, 
allowing reasonable consistency, repeatability, and objectiveness. This process includes 
the steps of collecting data, preparation of the data (data preprocessing), model building, 
and model evaluation (Figure 1). In this data mining methodology, problem and data 
understanding are in general the first steps. Medical domain knowledge is required to 
understand clinical data. Although the medical domain is large and diverse, there are 
common challenges or limitations how to proceed with the data.(7,9,13–18) It is important 
that the clinical experts and the data scientists collaborate closely during the whole 
process to obtain the clinically and technically most optimal solution.

2
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The process diagram also shows that iteration is the rule rather than the exception. Going 
through the process once without having solved the problem is, generally speaking, not a 
failure. Often the entire process is an exploration of the data, and after the first iteration 
both the data science team and the team of medical experts know more about the data 
at hand. The next iteration can therefore be much more well-informed.

Figure 1. The crossing of the medical and the technical data science domain in clinical data 
science. The medical domain (represented by the horizontal plaster) has a clinical need. By inter-
acting with the technical data science domain (represented by the vertical column of bytes ‘1’ and 
‘0’), this need can be addressed. The red arrows reflect the medical process; the blue arrows the 
data science process. The points where the pathways of both domains intersect reflect critical 
steps in the data mining process and display the need for close collaboration. The cross created 
by overlapping both domains symbolizes the patient care that is central to the hospital.

Traceability in data mining

With the complexity of EHR data and the multidisciplinary approach needed to derive 
clinically useful output, it is important to document every choice and change made along 
the data mining process. For example, after outlier correction or missing value treatment 
it may turn out later that the entry is not defective at all, but points out some rare, special 
case. Together with the actual change, the intention and reasons of the change should 
also be documented, preferably as precise and specific as possible since code does not 
always explain itself. Having such an audit trail enables reproducing the processed version 
of the original data. Especially, since data collection and preprocessing are iterative 
processes, having such documentation facilitates consistency and transparency of the 
steps taken along the way. In addition, a traceable workflow enables consistent data 
quality using newly extracted data.
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Considerations for building a reliable, robust and 
replicable clinical dataset
Anyone who deals with data knows that as much as 80% of the process of data mining 
is building a reliable, robust and replicable dataset. This phase implies collecting data, 
cleaning up the data (preprocessing) and doing exploratory analyses to assess the 
completeness and quality of the collected data. As already mentioned previously, there 
are multiple challenges and limitations how to use data in this initial phase of data mining, 
of which the following are considered in this chapter:

• data identification: what data is needed and (where) is it available,
• completeness (or missingness) of the collected data,
• data quality: interpretability, reliability, consistency and timeliness of the available 

data, and
• synchronization of obtained data.

These common challenges and limitations are discussed using LEGO® bricks as analogy 
for data. Both data and LEGO® comprise reusable components that can be snapped 
together and customized for the new model with some additional pieces. Rebuilding a 
LEGO® model and refining it requires iterative thinking, like in the process of data mining. 
By carefully considering the challenges and limitations in the following sections, a dataset 
can be obtained that is as reliable, robust, and replicable as LEGO® is.

Data identification

What data is needed?
The first step in data collection is precisely defining the clinical problem at hand and 
translate this into a carefully specified set of required data. Therefore, the involved 
diagnostic and treatment processes need to be identified, including gold standard 
diagnostic and outcome criteria (Figure 2). In most cases those processes are standardized 
(locally, regionally, or nationally), although many deviations are possible. Also, the 
existence of standardized processes doesn’t automatically imply their registration in the 
EHR. The routine process defines the benchmark, i.e. which measurements are expected 
to be done at which time point. However, patients can have additional tests performed or 
skip some steps in the process. For example, the decision to order an optional screening 
test can be influenced by the patient’s preferences, which in turn might vary based on 
their state of health. This variability of the diagnostic and treatment process makes it 

2



30

Chapter 2

challenging to capture all possible deviations of the standardized protocols in order to 
rule out inclusion bias at the beginning of the data collection process.

Figure 2. Which bricks are needed for the model? Before starting to search for bricks, one has 
identified the model to build (the answer to the clinical need), including the bricks that are needed 
to build it (specific data that is registered in the EHRs). For example, in need for shelter, one can 
build a house. Therefore, one needs bricks to build the walls (here, brown bricks) and roof (here, 
blue bricks), a door to enter (and exit) the house, a window for letting in sun light and fresh air, 
etc. These basic components can vary depending on the design of the house (‘model’).

Where is the needed data stored?
After knowing which data is needed, the next challenge is identifying all places where the 
relevant data is stored (Figure 3). To be able to find data quickly in the patient’s chart, 
healthcare professionals have developed a variety of techniques that lead to redundant 
recordings to match alternate modes of access. For complicated procedures, the same 
data often are summarized and observations are mentioned in notes written by the 
patient’s admitting and consulting physicians and by the nursing staff (each with their own 
level of accuracy). Although there may be good reasons for recording such information 
multiple times in different ways and in different locations within the EHR, the combined 
bulk of these notes accelerates the physical growth of the record and, accordingly, 
complicates the record’s logistical management. Furthermore, it becomes increasingly 
difficult to locate and time stamp specific patient data when the same information is 
recorded by different healthcare professionals at different time points.

Although a HIS storing all EHRs suggests being one system on itself, in practice it is 
a spider web of linked separate databases. With each connection between a sub-
database and the general HIS, information is lost, often meta-data that can actually be 
of informative value when setting up a database for research purposes. Dependent on 
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the research question at hand, these specific meta-data can be essential and knowing the 
whole process of data transcription is a requirement. For example, clinical laboratories 
have a wide arsenal of automated analyzers, each having their own software and 
database. These platforms are each connected to the laboratory information system (LIS), 
transferring the obtained measurement results. The LIS collects all these measurement 
results and executes predefined transformations, e.g. transforming a numerical result 
into text, e.g. ‘hemolytic’, when the hemolytic index is above a certain threshold. These 
modified results are then made available to the clinic by transferring them from the LIS 
to the EHR. With respect to truncated or transformed values, the dataset can be enriched 
with extracting the raw analyzer data. For example, a concentration of C-reactive protein 
is measured by the platform as 5.4 mg/L but reported in the HIS as <6 mg/L. However, 
one should consider the clinical relevance of having such raw data.

Figure 3. What to find where, if it is there at all? Imagine that the brick repository (EHRs) contains 
many more bricks than you actually need, that some of the bricks needed for the final model are 
missing (and that you don’t know if they are, or which ones are missing), and that the bricks aren’t 
sorted by color, size or shape but mixed together in a large box (HIS). The biggest challenge now 
is to find the bricks (data) needed for model.

A similar phenomenon is observed for signaling and imaging modalities like ECG and 
MRI, where the raw data of the signal or image itself are stored in a separate database 
and only a certain set of derived parameters are transferred to the EHR. The reporting 
of such data in the EHR is also dependent on local choices or preferences, which makes 
it difficult to define a generically applicable method of data collection in transferring a 
data-driven model.

2
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Is the needed data accessible?
Apart from the lack of data or the inadequate quality thereof, it can be difficult to find 
and access the necessary data. Next to accessing the data, actually extracting the 
data, either raw or processed, is another challenge. Not every sub-database that is 
connected to the HIS can be queried for data extraction as their databases may have 
restricted access imposed by the developer, preventing their potential use to support 
research (Figure 4). Extracting data is particularly challenging if they are not stored in 
a structured data field but in free text fields. There are more and more initiatives with 
free text analysis, where ‘natural language processing’ software can screen unstructured 
information based on specified search terms. Because much information may remain 
hidden in unstructured fields and because this method can provide anonymous output, 
this technique in particular offers opportunities for the near future. However, the use of 
different medical terminologies and personal or local abbreviations result in sub-optimal 
efficiency of such algorithms and, as a consequence, in incomplete datasets.

Figure 4. Accessibility to the bricks. When the box with LEGO® bricks is covered with a mesh of 
wire (fence), certain bricks are not accessible anymore because they simply are too large to fit 
through the mesh openings. By turning the box upside down and poking around through the mesh 
of wire, bricks can fall out of the box and become available for use in model building. However, 
not all the bricks you need may become available in this way, challenging the design of the model.

In addition, the process of data extraction needs to be designed in a legally responsible 
manner in order to minimize the risk of data breach, in which protected health information 
may be accessed by unauthorized parties. More specifically, the extracted data from HIS 
should not be directly traceable to the individual patients. When extracted data are to 
be merged with other data sources, this requires usage of unique patient identifiers in 
all data sources. Patient confidentiality is maximized by the use of an encrypted study-
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specific patient identifier. This requirement may limit the use of certain data sources. 
Here, the conflicting interests of ensuring patient confidentiality needs to be balanced 
with providing access to sufficiently detailed information for adequate research. An array 
of techniques is available to improve data security, however, no computing system is 
entirely secure and there is understandable concern about unintended or inappropriate 
releases of information.(16,19)

Completeness of collected data

Next step in building the dataset is determining when the dataset is complete enough 
to answer the question at hand. If you do not have enough LEGO® bricks, chances are 
the things being built are not realistic or not meet the selected need. The same goes 
for data-driven models: if you do not have enough data, the derived models are of 
insufficient quality. In practice, often multiple iterations are needed before all necessary 
data is collected in order to obtain a qualitatively good and clinically useful model. Here, 
both the number of records as well as the number of variables can vary over the different 
iterations before the required data is sufficiently obtained (Figure 5).

Figure 5. Alternatives when needed bricks are not available. If the needed bricks (data) are not 
found, one can try to build the house (model) without the missing bricks (one green brick instead 
of two). On the other hand, one can look for alternative bricks (variables) that are similar to the 
originally required bricks but of different color (green dots) or with slightly different shape (little 
brown brick), or both (yellow brick). Searching for alternatives requires another search (iteration) 
in the large box of bricks (data repository) but allows a more robust house (model).

On the contrary, setting too strict requirements to the data collection, inclusion bias 
can easily be introduced. For example, requiring complete data both before and after 
a certain procedure often results in a subset of the total population, which may not be 
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representable for the total population and resulting in incorrect models. Data might 
be missing when the patient is rejected for treatment and only data of the screening 
procedure is available. When including these cases into a dataset to predict treatment 
outcome based on screening results, they may incorrectly influence the prediction 
model. In addition, patients can be lost in follow-up after a certain procedure or event, 
resulting in incomplete data records. This can go two ways, i.e. worst-case patients do not 
dare to show up any more or best-case patients do not feel the need to go the hospital 
(survivorship bias). Either way, requiring complete data records must be considered 
carefully to avoid inclusion bias.

Dealing with missing data
Often the required data from the EHR is missing or incomplete, either because the EHRs 
do not contain the relevant data entry, or because the data entry has not been filled. 
The reason for the latter may be that the data was not relevant to the care process of 
the specific patient. Often the reason for missingness of data is unknown and can be 
assumed random after ruling out selection bias. Missingness of data can be dealt with by 
removing the patient record or the attribute from the dataset, or by imputing the missing 
values.(20,21) Another approach is to search for alternative attributes that contain similar 
information but may have less missingness. For example, when values of body mass 
index (BMI) are missing, having data on height and weight enable the calculation of BMI. 
However, because of the potential information that is contained within the missingness of 
the data, one should be careful with imputing missing values or discarding patients with 
incomplete data records. For example, attributes can be measured for only a fixed period 
of time after which the test is abolished. Excluding records where these measurements 
are missing then results in selection bias.

In other cases the missingness of data can have a specific reason and the informative 
value actually lies in this missingness instead of the actual value itself (missingness not 
at random). On the contrary, informative value can also lie in the fact that there is 
additional data next to the routine care data. For example, the fact that a concentration 
of methylmalonic acid (MMA) is available can result from the fact that the related vitamin 
B12 concentration is observed within a certain concentration range. For a specific group 
of patients this automatically results in the measurement of methylmalonic acid, so called 
cascade or reflex testing. So, the fact that this MMA concentration is measured can have 
information on the type of patient and its condition regarding the vitamin B12 status 
without knowing the actual concentration of MMA. Therefore, these types of missing 
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or additional data require another approach regarding processing their information into 
the dataset, for example by assigning a binary value for the presence or absence of the 
data entry.

Data quality

Interpretability of data – context is key
There can be different meanings behind an apparently unambiguous data entry. For 
example, the given “body temperature” may have been measured in different ways - 
rectally, orally, etc. - or classified in different ways - “feverish,” “fever”, and “severe fever”.
(16) Especially for laboratory data, the interpretation of obtained results is dependent on 
multiple factors, e.g. the matrix in which an analyte is measured – blood, urine, saliva, 
etc., the method with which the measurement was performed, the units in which a 
result is reported, and the corresponding reference interval. Certain laboratory tests 
have true diurnal variations in controlled settings. Therefore, something as simple as 
the time of day a patient’s sample is collected also has informative value. Therefore, 
knowing the context in which a data entry is obtained determines its informative value 
and suitability for the model.

In addition, the effects of health care processes on EHR data should not be overlooked 
as they have their own information value. This holds especially for laboratory tests, since 
they provide insight into the clinician’s decision making process, considering whether or 
not to order certain tests.(2) Laboratory tests can be performed for diagnostic reasons, 
i.e. to confirm or rule out a suspected diagnosis, e.g. D-dimer in deep venous thrombosis, 
or differentiate among possible diagnoses, e.g. liver enzymes in jaundice. Another reason 
for laboratory testing is to determine the stage, activity, or severity of disease to select 
the best suitable therapy and inform the patient about the prognosis of the disease, e.g. 
estrogen receptors in breast cancer. Laboratory test are also used to monitor the course 
of disease and assess effectiveness of therapy, e.g. international normalized ratio of the 
prothrombin time (PT-INR) in when using coumarin anticoagulants.(22) Thus, because 
there are various reasons for requesting laboratory tests, you cannot just use all these 
data entries for the same purpose (Figure 6). For example, when using PT-INR data as 
readout parameter for liver function, the cases where PT-INR is measured in purpose of 
therapy monitoring will provide the wrong information. So, the varying predictive value 
of different laboratory tests emphasizes the need to understand why a test would be 
ordered and what the results mean within different contexts.(10) Laboratory specialists 
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often have the overview of the different purposes for which laboratory tests are being 
performed and thus form a valuable partner in selecting retrospective EHR-data.(2)

Figure 6. The same bricks but in different settings. When the gray LEGO® brick is placed like in 
the image on the left, it resembles a bowl or, in larger perspective, a fountain, where the blue 
brick represents water spouting from the fountain. In the image on the right, the gray brick is 
flipped horizontally and now looks like a lampshade, with the blue block representing the base of 
the lamp. So, the way in which bricks (data) are placed (obtained), determines its suitability for 
the house (model), requiring either a fountain or a lamp.

Reliability of data
It is important to consider the reliability and quality of obtained EHR data in view of 
the clinical research question, so called ‘fitness for purpose’. Some parameters may be 
context-dependent or subjective, while others are essentially objective. The quality of 
EHR data is highly variable due to differences in measurement, recording, information 
systems, and clinical focus.(4,5) One may assume that self-reported variables are less 
reliable compared to machine-measured results. However, from the laboratory point-
of-view, where the majority of measurements is automated, different biomarkers have 
different susceptibility to both pre-analytical factors, like temperature and transportation 
time, as well as analytical factors, like the accuracy of the measurement method.(23,24) 

For example, a traumatic venous puncture, or a transportation time longer than eight 
hours or in an environment well above room temperature can result in a falsely elevated 
concentration of potassium due to hemolysis.

In addition, a single biomarker can be measured in different ways. For example, the 
blood glucose concentration can be obtained from either a regular venous blood sample, 
an arterial blood sample or a blood sample from the patient’s finger. The samples are 
measured with either a routine laboratory analyzer, a blood gas analyzer or a bedside 
point-of-care device, respectively. The latter is designed for monitoring purposes being 
more prone to pre-analytical errors like contamination, and is analytically less accurate 
compared to the analytical platforms in the laboratory. The research purpose at hand 
defines the usability of these glucose concentration data (Figure 7).
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Medication data are a special category of obtainable EHR data, where the only reliable 
information that can be derived is that medication is prescribed. Especially for outpatients 
it is often not registered whether the prescribed medication is actually collected from 
the pharmacy and if so, whether the patient actually has taken the medication and in the 
intended way. In addition, overviews of prescribed medications in the EHR often do not 
cover medication prescribed by healthcare providers outside of the hospital, let alone 
the use of over-the-counter medication.

Figure 7. ‘Fitness for purpose’ in building a roof with LEGO® bricks. Both the left and the right 
image represent a roof built with LEGO® bricks, fitting the purpose of providing shelter from rain. 
However, the roof constructed with the blue rectangular bricks (left) has flat areas that can hold 
rainwater, which can eventually lead to leakage. The roof constructed with the yellow bricks (right) 
has sloping sides so that no water remains on the roof and thus prevents leakage. In this case, 
the yellow bricks may be preferred over the blue ones to provide shelter from rain. However, the 
blue bricks can also serve multiple other purposes in building a house while the yellow bricks are 
more limited in their application.

Data consistency
As data can be stored in many ways, collections of data may contain parameters having 
different formats, like dates in the format dd-mm-yy, or mm-dd-yyyy, or yyyy-mm-dd, 
etc. Other examples of inconsistencies are the use of different units like ‘cm’ and ‘m’ for 
height, or truncated and text values like ‘hemolytic’ next to numerical values (Figure 8). 
Inconsistency in units is a common issue in reported laboratory test results, especially 
when combining data from other laboratories that use different analytical platforms. 
Ideally, each hospital and laboratory should use the same unambiguous registration 
standards, resulting in standardized datasets that enable easy merging of data in 
multicenter studies but also simplify transferring data-driven models to other hospitals.
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Figure 8. Inconsistency in LEGO® windows. The left window is the one included in the design 
of the house (Figure 2). The middle window has the same shape and size as the left one but the 
color of the window frames is green instead of yellow. The window on the right on top of that 
has another color of the facade frame, i.e. red instead of white. So, all three objects are windows 
of equal shape and size but with different external properties. Depending on the importance of 
the characteristics in the design and the reasoning why these requirements are set, the window 
can be adjusted to what is minimally necessary. The fun with LEGO® is that one can interchange 
parts (converting units) and obtain windows conform the initial design.

Initiatives to provide a universal code system, like the Logical Observation Identifier 
Names and Codes (LOINC®) database, have been developed to report laboratory and 
other clinical observations.(25,26) Currently, the LOINC® database contains more than 
55,000 numeric codes specific for laboratory tests, each with unique specifications. 
LOINC® can aid in distinguishing data among different LISs, especially when you cannot 
rely on the laboratory test name alone. For example, sodium can be measured in different 
matrices and using different analytical techniques but which are not always captured in 
the reported test name. The downside of the large number of test codes in the LOINC® 
database is that the system has become complex and selecting the most correct code 
for each laboratory test is resource-intensive.(27) In real-world practice, these codes are 
not uniformly assigned across laboratories (yet?), and vice versa, tests with the same 
assigned LOINC® code are not necessarily equivalent to permit interchangeable use in 
data-driven model development. Therefore, despite the availability of code systems for 
laboratory tests, converting laboratory data between different units remains an issue.

Data entries can also contain duplicates of the same parameter for the same patient, 
e.g. weight and height. Although weight can vary along the course of a patient’s life, 
the height of an adult patient is assumed constant. So, duplicate entries of a patient’s 
height can be aggregated into a single data entry. However, when these duplicates are 
inconsistent, it is much harder to determine the true length of a patient based on the 
available data.
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The collected data may also contain contradictory data, for example, in collecting data on 
the presence or absence of certain comorbidities in patients before and after treatment. 
When the data entry for ‘improved comorbidity’ after treatment is checked with ‘yes’, it 
makes sense to assume that co-morbidity was thus present prior to treatment. However, 
in practice, cases were encountered where it was registered that the patient had no 
comorbidities prior to the treatment but improved their comorbidity afterwards. Here, 
from these data alone it cannot be deduced which of the statements is true and which 
is false. Additional data, preferably objective data that can serve as gold standard, is 
needed to verify both statements. For example, in case the comorbidity is diabetes, data 
on the concentration of HbA1c can be added to the dataset.

Timeliness of collected data
The recording of health care data itself is affected by many factors, such as clinicians’ 
decisions to order diagnostic tests and treatments, as well as policies and workflows of 
hospitals and health insurance organizations. These are dynamic in that they vary over 
time as a result of evolving standards of care, changes in demand of care, and changing 
population demographics (Figure 9). Also, data definitions may change over time, for 
example due to changes in standards or due to redesign of the EHR. Especially when 
constructing a retrospective dataset, this dependency on time could result in bias and 
clinically unusable models. For example, requiring the presence of a specific laboratory 
test that after a certain date has been abolished or replaced by another test, results on 
the one hand in the selection of a non-current patient population and, on the other hand, 
model inputs that are no longer available. Also, more practical issues may result in bias 
during the data collection, like the availability of certain laboratory tests in evenings or 
during weekends.

Another aspect regarding timeliness is the availability of the data at the time the 
envisioned model is intended to be used. For example, a model that is intended to 
support the clinician in deciding which patient to operate on and which patients not, 
should not include postsurgical data. Or, a data-driven model for application during 
cardiac surgery should not depend on a laboratory test that takes four hours to obtain 
a result or is only performed twice a week.
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Figure 9. LEGO® minifigures over time. On the left a male minifigure from the 20th century and 
on the right a female minifigure from the 21st century. Obvious differences are the increased 
details in both facial features, hair style, and clothing. Although both minifigures are basically 
the same type of object (data variable), much more information can be deduced from the right 
one. Also, female minifigures are nowadays more often used in LEGO® sets with formerly typically 
male professions, such as a police officer or a construction worker. So, while LEGO® minifigures 
themselves have been around for a long time, their appearance is subject to time.

Data synchronization

The meaning of patterns of data points
The kinetics of the variable of interest determine the clinical relevant frequency of 
measurement and thus their presence in the EHR (Figure 10). For example, concentrations 
of glucose in the blood can change rapidly (within the hour) and are thus measured 
more frequently compared to glycated hemoglobin (HbA1c), which is a stable biomarker 
reflecting glucose balance over the last 60 days. The pattern of laboratory test ordering 
also differs by clinical context. For example, laboratory tests are ordered more frequently 
for admitted patients compared to outpatients who are visiting the clinician as part of 
a follow-up trajectory (oversampling illness). Therefore, the number of data entries a 
patient has, also has informative value. In addition, the time interval between consecutive 
measurements adds information beyond the test result value itself. Clinicians often follow 
abnormal test results more closely over time than normal test results. So, both the 
presence and timing of laboratory test data might reveal more about the thoughts and 
concerns of clinicians than the final diagnoses they record in the EHR. Laboratory test 
data can therefore be considered as having two distinct dimensions: the value of the test 
result, which is a measure of the patient’s pathophysiology, and the timing of when the 
test was ordered, which is a marker for the underlying healthcare process.(10)
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Figure 10. Types of LEGO® bricks in the repository. In the brick repository (EHRs) the basic 
square and rectangular LEGO® bricks (shown on the right) are found most often as these bricks 
(e.g. electrolytes sodium and potassium, or glucose) are incorporated in almost any LEGO® set 
(healthcare process). On the other hand, there are bricks in the repository with a specific shape 
or function (shown on the left), which are less frequently observed (e.g. glycated hemoglobin). 
So, the number of bricks in the repository is linked to the extent to which they are used in the 
standard LEGO® sets (healthcare processes) but also their features and functionality (kinetics).

Synchronizing data patterns
The frequency in which a parameter is sampled may not only differ between variables 
but also between cases, e.g. measurements are not performed for each patient at exactly 
the same moment with respect to the process. This poses a challenge when data need 
to be synchronized to a specific time point, for example, when considering patient data 
at one year after surgery. Patients’ measurements will not be performed exactly one 
year after the date of surgery, which automatically poses the necessity of a certain time 
window around the one-year time point. The width of this time window is dependent 
on the frequency at which a patient is sampled during follow-up and the variability 
of the included variables. For example, when follow-up includes yearly check-ups, the 
maximum width of the time window is one year, i.e. six months before and six months 
after the time point of interest. However, such a large time window is not preferable in 
synchronizing data to a single time point. For example, merging laboratory data at three 
months before the time point of interest with radiology data of three months after the 
time points is tricky, as it is hard to verify the assumption that a patient remains stable 
over this relatively long period. In addition, variables may have time-dependent variance, 
like vitamin D, which is lower in winter compared to summer, and a glucose concentration 
that can vary by the hour. In addition, a glucose concentration measured today may not 
be congruent with an HbA1c concentration of three weeks ago.
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When multiple data entries of the same variable are included in the dataset, one can 
consider including the measurement closest to the time point of interest. On the other 
hand, when a panel of markers is being considered, the most recent combination of 
all the markers is more suitable for use in synchronization, as they together reflect the 
patient at the same moment. This does not necessarily have to be the most recent single 
measurement.

The result: a reliable, robust, and replicable dataset

By carefully considering the above-mentioned challenges and limitations in data 
collection and data preprocessing, guidance is provided for obtaining a reliable, robust, 
and replicable dataset. In the end, the quality of the dataset determines the quality of 
the knowledge and models that are derived from it, i.e. ‘garbage in, garbage out’.(28) 
However, even when all these steps are carefully considered, the data will not be perfect. 
There are limits to the range of questions that the collected data can answer as they are 
based on interactions with the healthcare system and depend on accurate recording of 
events. Instead of perfect statistical rigor, it could help to see signal over noise, in order 
to generate hypotheses that can be validated in further research. By carefully handling 
the data and bringing medicine together with data science, the potential of clinical data 
can be fully exploited, e.g. by creating data-driven models that support clinical decision-
making (Figure 11).

Figure 11. House built of LEGO® bricks in the repository. With the collected LEGO® bricks (data) 
from the brick repository (EHRs), a reliable, robust and replicable house (model) can be built 
that (more than sufficiently) meets the initial need for shelter. Because the requirements of the 
house (model) are predetermined, the bricks (data) have been carefully selected. However, the 
outcome of the considerations along the brick (data) selection and collection process depends 
on the composition of the repository (EHRs) and can therefore lead to different results (models).
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Abstract
Background

Bariatric surgery results in both intentional and unintentional metabolic changes. In a 
high-volume bariatric center, extensive laboratory panels are used to monitor these 
changes pre- and postoperatively. Consecutive measurements of relevant biochemical 
markers allow exploration of the health state of bariatric patients and comparison of 
different patient groups. The objective of this study is to compare biomarker distributions 
over time between 2 common bariatric procedures, i.e., sleeve gastrectomy (SG) and 
gastric bypass (RYGB), using visual analytics.

Methods

Both pre- and postsurgical (6, 12, and 24 months) data of all patients who underwent 
primary bariatric surgery were collected retrospectively. The distribution and evolution 
of different biochemical markers were compared before and after surgery using 
asymmetric beanplots in order to evaluate the effect of primary SG and RYGB. A beanplot 
is an alternative to the boxplot that allows an easy and thorough visual comparison of 
univariate data.

Results

In total, 1237 patients (659 SG and 578 RYGB) were included. The sleeve and bypass 
groups were comparable in terms of age and the prevalence of comorbidities. The mean 
presurgical BMI and the percentage of males were higher in the sleeve group. The effect 
of surgery on lowering of glycated hemoglobin was similar for both surgery types. After 
RYGB surgery, the decrease in the cholesterol concentration was larger than after SG. 
The enzymatic activity of aspartate aminotransferase, alanine aminotransferase, and 
alkaline phosphate in sleeve patients was higher presurgically but lower postsurgically 
compared to bypass values.

Conclusions

Beanplots allow intuitive visualization of population distributions. Analysis of this large 
population-based data set using beanplots suggests comparable efficacies of both types 
of surgery in reducing diabetes. RYGB surgery reduced dyslipidemia more effectively 
than SG. The trend toward a larger decrease in liver enzyme activities following SG is a 
subject for further investigation.
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Introduction
The only effective long-lasting treatment for morbid obesity is bariatric surgery [1, 

2]. Both in terms of weight loss and in relation to improvement of comorbidities and 
reduction of subsequent mortality, bariatric surgery is the treatment of choice [3, 4]. 
These beneficial interventions are, however, also associated with complications or 
expected consequences, e.g., micronutrient deficiencies. These should be taken into 
account when indicating operative procedures [5]. Consequently, European and American 
guidelines advise routine metabolic and nutritional monitoring after all bariatric surgical 
procedures at specified, periodic follow-up time points [6, 7]. However, despite all of the 
recommendations, the 2017 guideline on micronutrients of the American Society for 
Metabolic and Bariatric Surgery showed an increase in micronutrient deficiencies after 
weight loss surgery [5].

Sleeve gastrectomy (SG) and gastric bypass (RYGB) are the most commonly performed 
bariatric surgical procedures. Both have been proven to be effective for the treatment 
of morbid obesity. RYGB is a restrictive procedure with a malabsorptive component, and 
it promotes weight loss and metabolic improvement also through additional hormone-
mediated mechanisms. SG is a restrictive technique, with possibly beneficial effects 
on a variety of obesity-related hormones [8, 9]. Recently, SG has overtaken RYGB as the 
most commonly performed type of bariatric surgery worldwide. From 2015 to 2018, SG 
accounted for 58.6% (n = 305,242) of all bariatric procedures, while RYGB accounted for 
31.2% (n = 162,613) [10].

The research on the difference in metabolic and nutritional statuses after SG and RYGB is 
limited. In 2014, a meta-analysis on micronutrient deficiencies after bariatric surgery was 
published by Kwon et al. [11]; it included 9 small studies providing data on a total of 1,104 
participants. The results were difficult to interpret due to inconsistency in definitions of 
deficiencies, as well as significant differences in follow-up times between the studies, 
in combination with a lack of preoperative information on deficiencies. Also, metabolic 
status is hard to compare between patients. The metabolic syndrome is reflected by 
comorbidities like type 2 diabetes mellitus (T2DM), hypertension, and dyslipidemia, 
which are interdependent. Metabolic monitoring should take into account parameters 
relevant for these comorbidities. Therefore, in our high-volume bariatric center extensive 
laboratory panels have been used to monitor patients pre- and postoperatively. As a 
result of using this approach since 2011, a comprehensive data set of biomarkers is 
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available. These parameters allow exploration of the health state of bariatric patients 
and comparison of different patient groups.

The objective of this study is to compare biomarker distributions over time in patients 
who have undergone primary bariatric surgery. The focus lies on differences between 
SG and RYGB. To enable analytical interpretation of such large, complex data sets, visual 
analytics are used in the form of beanplots as an alternative to the boxplot [12–15]. This 
allows easy visual comparison of the univariate laboratory data between both types of 
surgery. Also, anomalies in the data such as bimodal distributions are easily spotted. 
Hereby, human and machine analyses are closely coupled, improving interpretability 
and enabling the discovery of new information.

Materials and Methods
Comprehensive laboratory data were collected from patients who underwent primary SG 
or RYGB surgery between January 2011 and July 2015 at the Catharina Hospital Obesity 
Center (Eindhoven, The Netherlands). Dutch guidelines, i.e., an optional preconditioning 
program, a shared decision making process for choosing between sleeve or bypass, 
and a mandatory follow-up program, were followed for screening. Patients who 
succeeded in the regular follow-up program, including laboratory measurements at 
least preoperatively and additionally 6, 12, and 24 months after surgery were included.

As a rule, patients with deficiencies, encountered in the preoperative laboratory 
measurement results, were prescribed supplements. Patients were advised to start using 
multivitamins around 6 weeks after surgery. Dieticians educated patients in selecting 
the optimal products after SG or RYGB. In case of a deficiency postoperatively, most 
frequently the treating physician prescribed supplements; in other cases this was done 
by a general practitioner.

Gender, age, BMI, date of surgery, and type of surgery were extracted from the 
electronic medical records. In addition, presence or absence of comorbidities (i.e., T2DM, 
hypertension, and dyslipidemia) before and after surgery was extracted from the medical 
records, according to local practice (see box 1) [16].
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Laboratory data

The bariatric laboratory panel included measurements of biomarkers reflecting 
hematological status, kidney function, liver function, thyroid function, glucose 
metabolism, lipid profile, and inflammation parameters. The biomarkers were analyzed 
on routine (immuno-) chemistry analyzers both before and after surgery during multiple 
outpatient follow-up visits. The included laboratory variables presented in the visual 
analysis were glycated hemoglobin (HbA1c; Tosoh G8, Sysmex), calcium, parathyroid 
hormone (PTH), triglycerides, cholesterol (total), high-density lipoprotein (HDL) 
cholesterol, aspartate aminotransferase (AST), alanine aminotransferase (ALT), and 
alkaline phosphatase (ALP; all Cobas, Roche Dx). An additional, calculated parameter 
was the cholesterol/HDL ratio.

The laboratory data were merged with the extracted patient data. For each patient and 
for each time period, the data pair with the smallest number of days between them was 

Box 1. Criteria for type 2 diabetes mellitus, hypertension and dyslipidemia.

The definitions of the comorbidities were as set by the scientific board of the Dutch 
Audit of Treatment of Obesity (DATO). The DATO is the quality registry for outcome 
of bariatric surgery.

Type 2 Diabetes Mellitus (T2DM) can be diagnosed when two fasting plasma glucose 
levels ≥7.0 mmol/L occur in two different days. The diagnosis may also be made 
with a fasted plasma glucose ≥7.0 mmol/L or any plasma glucose ≥11.0 mmol/L in 
combination with symptoms associated with hyperglycemia. Resolution of T2DM is 
defined as the ability to discontinue all diabetes-related medications and maintain 
blood glucose levels within the normal range.

Hypertension is diagnosed when at three different times of measurement the systolic 
blood pressure ≥140 mmHg and diastolic blood pressure ≥90 mmHg. Resolution 
of hypertension is defined as the ability to discontinue all hypertension-related 
medications and maintain blood pressure levels within the normal range.

Dyslipidemia is diagnosed by measuring serum lipids, i.e. total cholesterol >6.5 mmol/L 
and ratio total cholesterol/HDL-cholesterol >4. Its resolution is defined as the ability 
to discontinue all lipid-lowering medications and maintain serum lipid levels within 
the normal range.

3
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chosen as a record for visualization. The presurgical period was defined as the period of 1 
year before surgery. Follow-up periods were defined in time slots of 6 months, containing 
3 months before and after the scheduled follow-up moment.

Statistical analysis

Patient characteristics are listed as means (±SD) or medians (IQR), depending on their 
distribution. Continuous data were compared with the Wilcoxon rank sum test for 
nonparametric data. Categorical data were compared using the Fisher exact test. p <0.05 
was considered statistically significant.

Visual analysis

Visual comparison between SG and RYGB was performed using beanplots. The density 
shape used was a polygon given by a normal density trace using the beanplot package in 
R [12]. In the beanplot, the estimated density of the distributions was given, including the 
median. By using asymmetric beanplots, each surgery type has one side of the so called 
“bean.” For different laboratory parameters, their distribution and evolution before and 
after surgery were compared. The Wilcoxon rank sum test with continuity correction 
was used to compare medians between both groups at different time points. p <0.05 
was considered statistically significant.

Statistical software R version 3.6.0 with the rms package by Harrell Jr. was used for data 
analysis and model building.

Table 1. Baseline characteristics. Values are presented as percents or mean ± SD. The presence 
of comorbidities (T2DM, hypertension, and dyslipidemia) was extracted from medical records, 
according to local practice (see box 1) [16].

Characteristic SG (n = 659) RYGB (n = 578) p value

Female (%) 75 88 <0.001

Age at the time of surgery (years) 43.5 ± 11.1 43.0 ± 9.9 0.76

BMI (kg/m2) 44.9 ± 6.2 42.2 ± 4.1 <0.001

T2DM (%) 19 18 0.72

Hypertension (%) 40 34 0.04

Dyslipidemia (%) 23 18 0.07



53

Visual laboratory data analysis

Table 2. Biomarker comparison between RYGB and SG. Values are presented as medians unless 
otherwise stated. Pre, before surgery; 24M, 24 months after surgery. * Gender-specific, female 
values were chosen as the majority of the population is female.

Reference
interval or

target value

Pre 24M
RYGB SG p 

value
RYGB SG p 

value
HbA1c (mmol/mol) 20–42 39 40 0.09 35 35 0.68
Calcium (mmol/L) 2.1–2.55 2.37 2.37 0.48 2.32 2.35 <0.001
PTH (pmol/L) 1.6–6.9 6.4 6.8 <0.01 5.9 5.4 <0.001
Triglycerides 
(mmol/L)

<2 1.6 1.7 0.25 1.0 1.1 <0.001

Cholesterol (total) 
(mmol/L)

<5 5.2 5.0 0.01 4.3 4.7 <0.001

Cholesterol-HDL ratio <5 4.3 4.3 0.83 2.7 3.1 <0.001
AST (U/L) <30* 23 24 0.04 22 20 <0.001
ALT (U/L) <35* 26 28 0.03 22 19 <0.001
ALP (IU/L) 40–120 82 80 0.78 86 72 <0.001

Glucose Metabolism (HbA1c)

In a comparison between RYGB and SG, the effect of surgery on lowering of HbA1c was 
similar for both surgery types (Figure 1). After a significant decrease in the first 6 months 
for both types of surgery, the levels of Hb1Ac stabilized afterwards. No difference was 
seen in the levels of Hb1Ac between RYGB and SG after 2 years (i.e., median [25th–75th 

percentile]: 35 [33–38] vs. 35 [33–38] mmol/mol; p = 0.68; Table 2). The distribution 
width of HbA1c values also decreased after surgery; however, extreme values (>80 mmol/
mol) remained after surgery (Figure 1A). Based on the right-hand-sided tail of the beans, 
SG has a longer tail compared to RYGB. Nonetheless, after surgery the distributions 
normalized to the well-known bell-shape, where the majority has HbA1c-values within 
the normal range. In a comparison between RYGB and SG, the effect of surgery on 
lowering HbA1c was similar for both surgery types.

As HbA1c is related to T2DM and only about one fifth of our population has T2DM (Table 
1), a subanalysis was done within this specific patient group (n = 233). The median HbA1c 
level was higher in the subgroup with T2DM compared to patients without T2DM (Table 
3). However, a comparison of HbA1c levels between RYGB and SG showed no significant 
differences either before or after surgery. Plotting of the distribution of HbA1c levels of 
this subgroup over time shows a prominent shift towards the normal range (Figure 1B). 
The shape and width of the distributions indicate possible subgroups within this patient 
group that also remain after surgery.

3
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Figure 1. Beanplots of the biomarker HbA1c. These beanplots show the distribution of patients 
with either RYGB (top) or SG (bottom) and their evolution over time. The distributions are plotted 
for the total population (n = 1,237) (A) and for the subpopulation of patients with T2DM (n = 233) 
(B). The solid vertical lines within each distribution indicate the median of each distribution. The 
dashed vertical lines within each plot indicate the reference values for HbA1c, i.e., 20–42 mmol/
mol. Pre, presurgery; 6M, 12M, and 24M, respectively, 6, 12, and 24 months after surgery.

Table 3. Comparison of HbA1c levels between patients with T2DM and patients without T2DM. 
Values are presented as medians (25th–75th percentile). Pre; before surgery; 24M, 24 months after 
surgery. ** Reference interval: 20 – 42 mmol/mol.

HbA1c** 
(mmol/mol)

Pre 24M

RYGB SG
p 

value
RYGB SG

p 
value

With T2DM
(n = 233)

56 (49–68) 58 (47–69) 0.58 41 (37–50) 40 (37–53) 0.91

Without T2DM
(n = 1,004)

38 (36–41) 39 (36–41) 0.06 35 (33–37) 34 (32–37) 0.31
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Lipid Profile (Triglycerides, Total Cholesterol, and Cholesterol-HDL Ratio)

In SG and RYGB patients a major decline in triglyceride concentrations was seen 6 months 
postoperatively. During further follow-up, a gradual decline was seen. After 24 months, 
RYGB patients reached a significant lower triglyceride concentration compared to SG 
patients (i.e. 1.0 [0.74–1.3] compared to 1.1 [0.8–1.6] mmol/L; p <0.001; Table 2). Before 
surgery, the shape of the beanplot revealed multiple subgroups within each surgery 
group, i.e., a group with triglyceride concentrations below the target value of 2 mmol/L 
and a smaller group with concentrations >2 mmol/L. This feature disappeared in the 
follow-up period, where the beanplot had the shape of a skewed normal distribution 
(Figure 2A). After surgery a proportion of the population in both groups continued to have 
triglyceride concentrations above the target value, but this proportion was significantly 
smaller compared to before surgery.

A higher preoperative total cholesterol concentration was seen in RYGB patients 
compared to SG patients (Table 2). Six months after surgery, a major decline was 
observed in RYGB patients. Thereafter, the levels of cholesterol consistently increased in 
small steps (Figure 2B). In SG patients, the same distribution over time was encountered 
but to a lesser extent. This resulted in a significantly lower median level of cholesterol 
24 months after RYGB, i.e., 4.3 (3.9–4.9) mmol/L compared to 4.7 (4.2–5.4) mmol/L in 
SG patients (p <0.001). The beanplot clearly shows the shift of the majority of patients 
having cholesterol concentrations above the target value of 5 mmol/L before surgery 
towards below 5 mmol/L after surgery (Figure 2B).

In the cholesterol-HDL ratio, a major decline was seen after 6 months in both groups, 
similar to the total cholesterol concentration (Figure 2C). However, where cholesterol 
concentrations increased during the follow-up, the cholesterol-HDL ratio further 
decreased. Also, the shape of the beanplot changed over time, having smaller distribution 
widths. The largest decline was observed in the RYGB group after 24 months, with a 
median cholesterol-HDL ratio of 2.7 (2.3–3.2) compared to 3.1 (2.6–3.8) in the SG group 
(p <0.001; Table 2).

Thus, the improvement in the lipid profile was larger in RYGB patients compared to SG 
patients. Although the degree of decrease in triglyceride concentrations was equal in 
both groups, the improvement in cholesterol concentrations and the cholesterol-HDL 
ratio was larger in the RYGB group. This shows that RYGB results in a larger decrease in 
lipid profiles compared to SG.
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Figure 2. Beanplots of lipid profile. Beanplots of the biomarkers triglycerides (A), total cholesterol 
(B), and HDL-cholesterol ratio (C) showing the distribution of patients with either RYGB or SG and 
their evolution over time. The distributions are plotted for the total population (n = 1,237). The 
solid vertical lines within each distribution indicate the median of each distribution. The dashed 
vertical lines within each plot indicate the specific reference or target values. Pre, presurgery; 
6M, 12M, and 24M, respectively, 6, 12, and 24 months after surgery.
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Liver Enzymes (AST, ALT, and ALP)

Presurgically, the enzymatic activity of AST was higher in SG patients. With both types of 
surgery a decline was seen 6 months after surgery. During further follow-up, activities 
stabilized in patients who had undergone SG; however, after RYGB the AST activity 
gradually increased toward the preoperative level (Figure 3A). After 2 years, this resulted 
in a small, statistically significantly lower AST activity in SG patients, i.e., 22 (19–26) U/L 
compared to 20 (17–24) U/L (p <0.001; Table 2).

The ALP activity in patients who had undergone RYGB was found to be minimally 
increased at the 6 months follow-up, after which the ALP activity stabilized (Figure 3C). 
In the SG group a gradual decline was seen, resulting in a significantly lower ALP activity 
after SG, i.e., 86 (72–101) IU/L compared to 72 (61–86) IU/L (p <0.001; Table 2). The 
beanplot shows a normally distributed ALP activity in both groups. Both groups started 
equally before surgery but shifted in opposite directions during follow-up (Figure 3C).

Thus, the activity of liver enzymes before surgery was equal or higher in SG patients 
compared to RYGB patients. However, after surgery the enzyme activity decreased 
significantly more in SG patients compared to RYGB patients. So, after surgery the 
situation was the other way around, and SG patients had a lower activity of liver enzymes 
compared to RYGB patients. The combination of both effects seems to reveal that SG 
results in a larger decrease of liver enzyme activity compared to RYGB.

Calcium Regulation (PTH and Calcium)

Calcium concentrations slowly decreased during follow-up in both groups, particularly in 
RYGB patients, while albumin concentrations remained constant in both groups, i.e., 44 
(42–45) g/L (p = 0.92). However, the difference in median calcium levels 24 months after 
surgery was relatively small, i.e., 2.35 (2.29–2.40) mmol/L in the SG group compared to 
2.32 (2.27–2.38) mmol/L in the RYGB group (p <0.001; Table 2). The observed distributions 
of calcium concentration were normal in both groups, and the majority of the population 
remained within the reference interval (Figure 4A). The proportion outside the reference 
interval was larger on the right-hand side (hypercalcemia) compared to the left-hand 
side (hypocalcemia).
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Figure 3. Beanplots of liver enzymes. Beanplots of the biomarkers AST (A), ALT (B), and ALP (C) 
showing the distribution of patients with either RYGB or SG and their evolution over time. The 
distributions are plotted for the total population (n = 1,237). The solid vertical lines within each 
distribution indicate the median of each distribution. The dashed vertical lines within each plot 
indicate the specific reference values. Pre, presurgery; 6M, 12M, and 24M, respectively, 6, 12, 
and 24 months after surgery.
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In both SG and, to a lesser extent, RYGB patients, an immediate decrease in PTH 
concentrations was seen 6 months after surgery, progressing slowly to an increase in 
further follow-up (Figure 4B). Before surgery, SG patients had a higher median PTH 
concentration compared to RYGB patients (respectively, 6.8 [5.2–8.7] and 6.4 [5.0–8.2] 
pmol/L; p <0.01; Table 2). However, 6 months after surgery, SG patients showed a larger 
decrease in PTH concentrations, with a median of 4.9 (3.8–6.4) versus 5.2 (4.1–6.8) 
pmol/L in RYGB patients (p <0.01). Twenty-four months after surgery, PTH concentrations 
had increased in both groups but a lower PTH concentration was seen in patients after 
SG compared to RYGB (respectively, 5.4 [4.3–6.9] and 5.9 [4.6–7.4] pmol/L; p <0.001). The 
beanplot showed that before surgery significantly larger proportions of both populations 
had PTH values above the upper reference limit compared to after surgery (Figure 4B).

Figure 4. Beanplots of calcium regulation. Beanplots of the biomarkers calcium (A) and PTH (B) 
showing the distribution of patients with either RYGB or SG and their evolution over time. The 
distributions are plotted for the total population (n = 1,237). The solid vertical lines within each 
distribution indicate the median of each distribution. The dashed vertical lines within each plot 
indicate the specific reference values. Pre, presurgery; 6M, 12M, and 24M, respectively, 6, 12, 
and 24 months after surgery.
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Discussion
Rapid progress has been made in clinical analytics, i.e. techniques for analyzing large 
quantities of data and gleaning new insights from that analysis, which is part of ‘big 
data.’ As a result, there are new opportunities to use big data and data analytics to hit 
the target of the Triple Aim goals, i.e. to improve the health of the population, improve 
the patient experience, and lower healthcare costs. With smart analysis tools, one can 
easily analyze large data sets and compare different patient groups. As a result, research 
can be performed at the population level instead of in a trial setting, often limited by a 
selective scope or a low number of included patients. After identifying patterns in the 
data, one wants to understand why the patterns are as they appear and link them with 
medical knowledge.

In this study, the opportunity has been seized to apply smart visualization on a large set 
of laboratory data, unraveling patterns that even go against the current literature. In this 
study the somewhat uncommon modality of beanplots was used. The advantage over 
traditional graphics is an easier insight into differences between SG and RYGB, just at a 
glance. In addition, it provides an easy overview of the distribution over time and of the 
complete population, as skewness and kurtosis are also shown. Moreover, in the context 
of corresponding references or target values, one can directly estimate the proportion of 
the population within or outside the reference range. Beanplots also show whether there 
is a continuous distribution of observed values or multiple populations with overlapping 
distributions. In our opinion, this type of visualization is more accessible and thus provides 
more insight for the clinician into the information than mere representation of the mean, 
median, SD, IQR, and/or box plots.

Glucose Metabolism (Hb1Ac)

In both types of surgery, a significant, stable decrease in HbA1c levels was seen after 
6 months. Comparable results were found in a recent meta-analysis, i.e., no superior 
glycemic control for one technique in the short or long term (3–5 years of follow-up). The 
authors revealed that baseline BMI, preoperative fasting plasma glucose, the duration 
of T2DM, and preoperative Hb1Ac had a predictive value for glycemic control after SG, 
but only the latter 2 correlated with glycemic control after RYGB. However, results from 
RCT on this subject have been inconsistent [17–19]. The regulation of glucose and lipid 
metabolism by the gastrointestinal tract is not yet well understood.
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Cholesterol (Triglycerides, Total Cholesterol, and the Cholesterol-HDL Ratio)

Our study showed a reduction in triglycerides, total cholesterol, and the cholesterol-HDL 
ratio after RYGB and SG. After 2 years of surgery, concentrations of triglycerides, total 
cholesterol, and the cholesterol-HDL ratio were found to be significantly lower after RYGB 
than after SG. These findings are in line with other studies [20–24]. The superior efficacy 
of RYGB compared to the restrictive technique of SG has mainly been attributed to 
the malabsorptive nature of RYGB, as this leads to a decreased cholesterol absorption, 
possibly as a result of reduced sterol absorption in conjunction with enhanced hepatic 
sterol catabolism as reflected mainly by bile acid synthesis [24, 25]. These effects are surgery-
specific and independent of weight loss or any improvement of glucose metabolism [24, 25].

Liver Enzymes (AST, ALT, and ALP)

Obesity is associated with nonalcoholic fatty liver disease, reflected in histologic changes 
in liver parenchyma as well as liver function alterations [24]. Bariatric surgery is expected 
to halt and reverse liver damage mainly by inducing weight loss [26, 27]. Our results showed 
improvement of liver function in normalization of ALT in both SG and RYGB. In comparison 
with RYGB, we found significant lower activities of AST, ALT, and ALP in patients 2 years 
after SG. This is in line with a recent prospective study with 1,037 patients [28] and other 
studies [26, 29–31]. The rapid improvement of, especially, ALT within the first 6 months 
after SG has been reported before [27]. The mechanism behind these fast improvements 
in ALT after SG is unclear. It has been postulated that patients with liver abnormalities 
in general may recover more easily after weight loss than those with other obesity-
related disorders, as previous studies have demonstrated rapid changes in liver size, 
reflective of steatosis, after just 2 weeks of very-low-calorie diets [32]. Others believe 
that normalization of the liver function might play a role in resolution of metabolic 
disease [33]. Another possible reason for the transient deterioration and/or late recovery 
of liver function after RYGB might be that malabsorption may aggravate the suboptimal 
reparative capacity and antioxidant reserve of the liver in a setting of increased free 
fatty acid mobilization, oxidation, and free radical species production caused by rapid 
weight loss [34–36]. Experimental evidence suggest that SG may act through changes in bile 
acid metabolism and the related changes in signaling through the farsenoid X receptor, 
which affects the fatty acid metabolism of the liver. However, whether these mechanisms 
are responsible for the effects of SG in patients remains elusive and requires further 
research [34, 37, 38].
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Calcium Regulation (PTH and Calcium)

We found lower calcium levels and higher PTH levels in patients 2 years after RYGB in 
comparison to SG. A recent meta-analysis confirmed our results regarding the difference 
in calcium and PTH between RYGB and LG [39]. Another recent meta-analysis showed 
a higher PTH level but similar calcium levels between the 2 groups [40]. Considerable 
heterogeneity was detected in this meta-analysis. The malabsorptive component of 
RYGB (the calcium absorption site in the duodenum is bypassed) instead of the restrictive 
component of SG could explain the difference in calcium and subsequent PTH. Although 
PTH is mainly regulated by calcium, no information regarding phosphorus and vitamin 
D is available, failing an explanation of the interesting drop after 6 months and the 
subsequent rise of PTH after RYGB. More research is needed on this subject.

This study has some limitations. In this retrospective study, preexisting data were 
analyzed so bias in the selection of patients is not excluded. Patients were only included 
for visual analysis when there was data available for each selected time point, i.e., before 
surgery and 6, 12, and 24 months after surgery. This criterion was set to allow for analysis 
of the same patient population over time, a so called “complete case” analysis. The 
influence of this selection on the presented results was assumed to be minor as the 
observed differences in baseline patient characteristics were relatively small (data not 
shown). The reason for missing one or more follow-ups by the excluded patients was 
assumed to be random. One may hypothesize that only well-performing patients return 
to their appointments and have blood tests performed, so the effects presented in this 
study may reflect an overestimation of the actual effect of bariatric surgery. Even though 
ours was a large cohort with only primary bariatric surgeries, we believe that a longer 
follow-up period could provide additional important information. Another limitation is 
the significant difference in baseline age, BMI, and hypertension, although I was relatively 
small. Unfortunately, additional data on the reasoning behind the choice of either SG 
or RYGB were not available. An additional major drawback is the lack of information 
regarding the medication used, the use of supplements, the medical history, or more 
information regarding nonalcoholic fatty liver disease (i.e., liver biopsies).

In conclusion, beanplots allow intuitive visualization of population distributions. 
Though retrospective, the analysis of this large population-based bariatric data set 
using beanplots suggests a comparable efficacy in reducing diabetes with both types of 
surgery. RYGB surgery reduced dyslipidemia more effectively than SG. The trend toward 
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a more pronounced decrease in liver enzyme activities following SG is a subject for 
further investigation.
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Abstract
Background

Methylmalonic acid (MMA) can detect functional vitamin B12 deficiencies as it 
accumulates early when intracellular deficits arise. However, impaired clearance of MMA 
from blood due to decreased glomerular filtration rate (eGFR) also results in elevated 
plasma MMA concentrations. Alternative to clinical trials, a data mining approach 
was chosen to quantify and compensate for the effect of decreased eGFR on MMA 
concentration.

Methods

Comprehensive data on patient’s vitamin B12, eGFR and MMA levels were collected 
(n=2906). The relationship between vitamin B12, renal function (eGFR) and MMA was 
modeled using weighted multiple linear regression. The obtained model was used to 
estimate the influence of decreased eGFR on MMA. Clinical impact was examined by 
comparing the number of patients labeled vitamin B12 deficient with and without 
adjustment in MMA.

Results

Adjusting measured MMA levels for eGFR in the group of patients with low-normal 
vitamin B12 levels (90 – 300 pmol/L) showed that use of unadjusted MMA concentrations 
overestimates vitamin B12 deficiency by 40%.

Conclusions

Through a data mining approach, the influence of eGFR on the relation between MMA 
and vitamin B12 can be quantified and used to correct the measured MMA concentration 
for decreased eGFR. Especially in the elderly, eGFR-based correction of MMA may 
prevent overdiagnosis of vitamin B12 deficiency and corresponding treatment.
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Introduction
Vitamin B12 deficiency is a worldwide public health issue which can result in various 
hematological and neurological disorders (1,2). Lack of vitamin B12 can result from 
insufficient intake or malabsorption of the vitamin due to gastrointestinal conditions 

(1–3). Until a significant vitamin B12 deficiency is developed in the tissue, patients often 
remain asymptomatic. Prevalence of vitamin B12 deficiency increases with age but 
numbers vary widely due to differences in population samples and the use of different 
criteria (2,3). Usually, vitamin B12 levels in serum are measured to identify vitamin B12 
deficiency. However, serum levels of vitamin B12 are a poor predictor of functional 
vitamin B12 deficiency as they correlate poorly with the bioavailable intracellular vitamin 
B12 content (1–5). Although multiple guidelines suggest that serum vitamin B12 levels 
below 140 pmol/L reflect a vitamin B12 deficiency, latent deficiencies could be present 
with serum levels between 140 and 300 pmol/L (6–8). Conversely, functional deficiencies 
could be absent with serum vitamin B12 levels between 90 and 140 pmol/L (8,9). Although 
it is difficult to diagnose vitamin B12 deficiencies, treatment should not be initiated too 
late as neurological manifestations may be irreversible.

Other methods to measure vitamin B12, either active or total, exist. For example, 
holotranscobalamin (holoTC) has been reported to represent the metabolically active 
fraction of vitamin B12. However, circulating active holoTC not necessarily reflects 
vitamin B12 function in the tissue (2–4,7,10). Measuring metabolites that accumulate due to 
deficiency of vitamin B12 in tissues overcomes this issue. For example, both homocysteine 
(HCy) and methylmalonic acid (MMA) accumulate in case of vitamin B12 deficiency. 
However, HCy is not specific to vitamin B12 as it is influenced by many other factors. 
Unlike HCy, MMA is a specific biomarker for vitamin B12. Although being financially 
less attractive due to relative high running costs, MMA is adopted in the diagnostic 
process as additional biomarker of choice when total vitamin B12 measurements give 
indeterminate results (10,11).

Measurement of MMA was introduced to improve diagnosing vitamin B12 deficiencies, 
especially in the “grey-zone” of serum vitamin B12 levels between 90 and 300 pmol/L. 
MMA can detect functional vitamin B12 deficiencies as it accumulates when intracellular 
availability of vitamin B12 is insufficient (1–7,11,12). In addition, MMA concentrations increase 
relatively early in the course of vitamin B12 deficiency, i.e. when the serum vitamin B12 
level falls below 400 pmol/L, MMA concentration starts to increase (13). This vitamin 
B12-related effect makes MMA a sensitive metabolic marker for functional vitamin B12 
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deficiencies. It is known that other, vitamin B12-unrelated factors like renal failure result 
in an increase in MMA levels (3,5,7,12–16). These B12-unrelated factors increasing circulating 
levels of MMA result in overestimation of number of diagnoses of vitamin B12 deficiency. 
Therefore, if renal function is normal and methylmalonic aciduria is absent, MMA can be 
considered as best mimic of ‘gold standard’ marker to monitor functional vitamin B12 
status. The age-related decline in renal function may particularly compromise the use 
of MMA for the assessment of vitamin B12 status in the elderly. Using increased MMA 
levels as criterion for vitamin B12 deficiency without adjustment for renal function may 
lead to overdiagnosis and unnecessary treatment when a uniform MMA cut-off level is 
used. Thus, to determine if a vitamin B12 deficiency is present based on MMA serum 
level measurements, it is evident that vitamin B12-unrelated factors influencing MMA 
levels have to be taken into account.

The most described vitamin B12-unrelated factor influencing the interpretation of 
observed MMA levels is renal function. However, the effect of renal function on MMA 
has never been quantified so that it can be applied to improve diagnosis of vitamin B12 
deficiency. In this study, the effect of renal function on MMA concentration is quantified 
with the aim to adjust measured MMA serum levels for a decrease in renal function. As a 
suitable alternative to a clinical trial, a data mining approach was chosen. In our hospital, 
hundreds of MMA measurements are performed annually. Using comprehensive MMA 
measurements accompanied with serum vitamin B12 and creatinine concentrations, 
we were able to build a three-dimensional model. Renal function is implemented by 
estimating the glomerular filtration rate (eGFR), combining previous identified influential 
variables creatinine level, age and gender (13,17). The obtained model is used to estimate 
the adjustment in MMA under the influence of decreased eGFR. This adjustment is 
assumed to be independent of the observed level of MMA, i.e. when measured levels 
of vitamin B12 and eGFR are similar, both an measured MMA of 400 nmol/L and of 670 
nmol/L receive an equal correction. The clinical impact of correcting MMA levels for 
eGFR is reflected in the proportion of patients currently being diagnosed of being vitamin 
B12 deficient but who potentially are not vitamin B12 deficient according to the eGFR-
corrected MMA concentrations and a uniform MMA cut-off level.
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Materials and Methods
Data

Routine patient care data were retrospectively collected from patients referred to the 
laboratory (Catharina Hospital Eindhoven, the Netherlands) for assessment of vitamin 
B12 status. The dataset consists of measurements in adult patients (age ≥18 years), i.e. 
serum vitamin B12, plasma creatinine (both Cobas 8000, Roche DX) and plasma MMA 
(UPLC-MS/MS Xevo TQ-S, Waters) (9) levels, performed in the period from July 2010 up 
till and including April 2016. Of each patient only the first measurement of vitamin B12 
in time was included because having multiple measurements of vitamin B12 is suspicious 
for vitamin B12 supplementation which is confounding the studied effect.

At our laboratory, the lower reference level of vitamin B12 is 140 pmol/L. However, 
patients with vitamin B12 levels below 140 pmol/L are not necessarily vitamin B12 
deficient because the sensitivity at this level is maximal 90% (18). Using a lower cut-
off value for vitamin B12 will decrease the number of falsely diagnosed vitamin B12 
deficiency. Below a level of 90 pmol/L this number of false diagnoses is negligible (based 
on internal analysis). Conversely, patients with vitamin B12 level above 300 pmol/L a 
vitamin B12 sufficient can be excluded with maximal probability. In the intermediate 
range of vitamin B12 levels of 90 – 300 pmol/L, vitamin B12 itself is not a perfect indicator 
of functional vitamin B12 deficiency. Therefore, in this range an additional measurement 
of MMA serum level is performed (reflex test), where MMA levels above 430 nmol/L 
indicate vitamin B12 deficiency (9,19). The outcome of this two-step algorithm will in this 
paper be considered as routine diagnostic algorithm (RDA). Although extreme vitamin 
B12 and MMA levels beyond the measuring range, i.e. vitamin B12 <22 and >1475 pmol/L 
and MMA <100 and >1500 nmol/L, are informative with respect to the presence or 
absence of vitamin B12 deficiency, these measurements were excluded from our analysis 
as the model for determining the MMA correction for individual patients could also not 
handle data beyond the measuring range.

Renal function can be described by the estimated glomerular filtration rate (eGFR). In this 
study, eGFR values were calculated according to the CKD-EPI formula, using creatinine 
serum level, gender, and age as input variables. The CKD-EPI formula is not validated for 
estimates of GFR in the region >90 mL/min/1.73m2 where values calculated by the CKD-
EPI equation vary up to 30 mL/min/1.73m2 compared to measured GFR (17). Nevertheless, 
values of eGFR >90 mL/min/1.73m2 were included upon modeling to anchor the fitted 
plane in the region of normal renal function. As the variance in calculating eGFR by CKD-
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EPI is resulting in both overestimated as well as underestimated renal function, the use of 
2906 patients to create our model will average out this effect. Because not all biomarkers 
are always ordered at the same time, eGFR values were only included when measured 
within 90 days before or after the vitamin B12 measurement. For MMA levels the window 
of inclusion was within 14 days after the vitamin B12 measurement. The resulting dataset 
consisted of 2906 records of combined vitamin B12, MMA, and eGFR measurements.

Model building

The dataset was divided in a training set and a test set by a 25% stratified holdout. The 
training set (n=2180) was used in a 10-fold stratified cross-validation in order to build 
models on 10 different subsets of the data. The test set was used for validation of the 
developed model (n=726). A second degree polynomial surface was fit using a weighted 
linear least-squares regression method on logarithmically transformed training data. The 
weight put on each data point was determined by combined assessment of data density 
and eGFR level, putting more weight to data points with lower frequency and upon 
decreasing eGFR. With respect to data density, the training data were two-dimensionally 
binned in bins of size 25 pmol/L for vitamin B12 in the range of 50 to 600 (n=23) and 
of size 5 mL/min/1.73m2 for eGFR in the range 20 to 145 (n=26). The weight factor was 
determined by the inverse of the number of data points per bin multiplied by the inverse 
of eGFR level of each bin.

Model building was repeated 10 times using a different combination of 9 sets for fitting 
and remaining set for testing upon each fold. The mean of each coefficient of each of 
the 10 obtained models was used to define the final model. The standard deviation of 
the final model was determined by the variance in predicted MMA values by each of the 
10 models. The final model was validated by comparing MMA levels predicted by the 
model with the measured MMA levels in the unseen test set data (n=726). The quality 
of the model was assessed by calculating the Mean Absolute Error (MAE).

Clinical relevance

The first order partial derivative in eGFR of the obtained model was used to determine 
the level of eGFR where a decrease in renal function starts to have effect on MMA. This 
threshold level was used to calculate the difference in MMA level due to decreased 
eGFR. The correction in MMA was given by subtracting the MMA predicted with eGFR 
at threshold level from the predicted MMA using the measured eGFR. Under the 
assumption that the effect of renal function on MMA is similar in patients with similar 
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vitamin B12 levels, this correction in MMA was applied for all patients in the total dataset. 
The improvement potential of the model was determined by comparing the number of 
diagnoses of vitamin B12 deficiency based on the current reference value for MMA used 
at the Catharina hospital, i.e. levels above 430 nmol/L are taken as proof of vitamin B12 
deficiency, with the number of diagnoses after adjusting MMA by the model.

Statistical analysis

Data were retrospectively collected, preprocessed, and analyzed. Two-sided two-sample 
Wilcoxon Rank Sum test with continuity correction was used to compare differences in 
baseline characteristics. Association between vitamin B12, eGFR and MMA were tested 
through a partial linear correlation analysis using Spearman correlation. Data analysis and 
modeling was performed using MATLAB (version R2016b, MathWorks) and R (version 
3.4.1, The R Foundation for Statistical Computing) (20).

Results
Exploratory data analysis

The mean age of the population in the total dataset was 49.8 years of which 68.3% was 
female and 9.7% was vitamin B12-deficient (Table 1). Plotting the raw data revealed high 
variance in MMA levels for equal levels of vitamin B12 or eGFR (Figure 1). Also, data was 
inhomogeneously distributed over variables’ ranges, i.e. less data points upon lower 
eGFR. However, the expected relations between vitamin B12 and MMA and also between 
eGFR and MMA were observed. Partial linear correlation analysis revealed moderate 
correlations between both vitamin B12 – MMA and eGFR – MMA (Spearman correlation 
coefficients (ρ) of respectively -0.29 (p <0.0001) and -0.36 (p <0.0001)). In addition, a 
weaker correlation was observed between vitamin B12 – eGFR (ρ = -0.11 (p <0.0001)). 
The observed correlation between elevated vitamin B12 levels and reduced eGFR (<60 
mL/min/1.73m2) has not been well studied and the mechanism remains unclear (21,22). 
Although the observed correlation was weak, this interaction could not be ignored within 
our model.

4
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Table 1. Population characteristics. Population characteristics of the total population and of 
the subpopulation with vitamin B12 level within laboratory reflex test range (90 – 300 pmol/L) 
and eGFR <90 mL/min/1.73m2. Shown are mean ± standard deviation. B12def (RDA) = vitamin B12 
deficient patients based on routine diagnostic algorithm (RDA), B12def (M) = vitamin B12 deficient 
patients based on model, Defadj = patients where diagnosis of vitamin B12 deficiency could be 
adjusted based on the model. Significant differences between Defadj and B12def (M) population 
(p <0.01) are indicated with ‡.

Total
Subpopulation

Subtotal B12def (RDA) B12def (M) Defadj (%)

n 2906 989 144 86 58

female (%) 68.3 60.0 50.7 45.3 58.6

age (years) 49.8 ± 17.6 61.5 ± 16.0 72.1 ± 15.2 70.3 ± 16.1 74.6 ± 13.3

vitamin B12 (pmol/L) 252.7 ± 122.8 211.1 ± 50.7 187.1 ± 51.2 182.2 ± 53.5 194.4 ± 46.9

B12def (GS) (%) 9.7 14.6 - - -

eGFR (mL/
min/1.73m2)

91 ± 23 70 ± 16 59 ± 18 64 ± 18 52 ± 17 ‡

MMA (nmol/L) 236 ± 158 291 ± 189 657 ± 225 771 ± 224 487 ± 58 ‡

Figure 1. Data distributions. Data distribution vitamin B12 and MMA (left). MMA data points 
(n=2906) plotted against B12, showing the relation of vitamin B12 with MMA. The plot displays 
high variance in data density in both dimensions. Data distribution eGFR and MMA (right). MMA 
data points (n=2906) plotted against eGFR, showing the relation of eGFR with MMA. The plot 
displays high variance in data density in both
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Model

The inhomogeneity in data-density was quantified by binning the data in two dimensions 
and counting the number of data points per bin (Figure 2). This quantification showed a 
relative high frequency of data points in the area of normal eGFR (>90 mL/min/1.73m2) 
and vitamin B12 reflex testing (90 – 300 pmol/L). Each data point was assigned a weight 
factor based on the number of data points in its bin and corresponding eGFR level. The 
final obtained model was defined as the average of 10 models obtained through 10-fold 
stratified cross-validation on the training set. The model describing the relation between 
vitamin B12, eGFR and MMA is given by the following formula,

where MMA represents the predicted MMA value for a given vitamin B12 and eGFR. 
Model parameters are β0 = 7.06 (6.87, 7.24), β1 = -2.81e-03 (-3.49e-03, -2.14e-03), 
β2 = -1.96e-02 (-2.30e-02, -1.63e-02), β3 = 3.30e-06 (2.53e-06, 4.06e-06), β4 = -8.07e-
06 (-1.25e-05, -3.65e-06), and β5 = 8.14e-05 (6.52e-05, 9.77e-05), given as mean (-2SD, 
+2SD). Validation of the model with the test dataset resulted in MAE between predicted 
and observed MMA of 84 nmol/L.

Figure 2. Data density in bins. Heat map of data distributed over a grid of bins (n=598) defined 
by B12 and eGFR. The bar on the right indicates the number of data points within each bin, where 
white indicates no data points and black 50 data points.

[1]
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Displaying the model in 3D resulted in a plane curved in two directions (Figure 3A). 
Plotting of the model against eGFR in 2D resulted in parallel lines for different levels of 
vitamin B12 (Figure 3B). The uncertainty of the model’s prediction was determined by 
the variance in predicted MMA values by each of the 10 models. The variance in MMA 
prediction was dependent on both vitamin B12 and eGFR (Figure 3C). Maximal variance 
in predicted MMA over the 10 models was 58 nmol/L (2SD) and observed at vitamin B12 
level of 100 pmol/L and eGFR of 20 mL/min/1.73m2. Displaying the model in a region 
where no effect of vitamin B12 deficiency on MMA is expected, e.g. vitamin B12 = 400 
pmol/L, showed the isolated effect of renal function on MMA (Figure 3D).

Figure 3. Model. Plots of the obtained model. (A) 3D representation of the model plotted against 
B12 and eGFR, showing a curved plane (mean adjusted R2 0.46 ± 0.024 (2SD)). (B) 2D representation 
of the model, plotted against eGFR at different levels of B12. (C) 95%-confidence interval (CI) at 
different levels of B12 plotted against eGFR. (D) Isolated effect of renal function on MMA plotted 
together with binned data of only B12-non-deficient patients, i.e. B12 >300 pmol/L (n=392). This 
representation showed the model is in agreement with the data (MAE = 58 nmol/L).
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Clinical relevance

The eGFR threshold level at which renal function started to affect MMA according to the 
obtained model was found to be 121 ml/min/1.73m2. This level was used to calculate the 
adjustment in MMA for decreased eGFR using the model described in Formula 1, which 
resulted in the following formula,

where MMAadj is the adjusted MMA level, MMAobs the observed MMA level,   
MMA(B12, eGFR) the predicted MMA according to our model (Formula 1) with observed 
vitamin B12 level and eGFR as input, and MMA(B12,121) the likewise predicted MMA 
with observed vitamin B12 level and eGFR set at 121 mL/min/1.73m2. Formula 2 thus 
calculates the difference in MMA due to decreased eGFR by subtracting the predicted 
MMA level as if renal function was normal from the predicted MMA level using the 
patient’s actual eGFR. Hereby the effect of decreased eGFR on MMA is isolated and can 
be used to adjust the observed MMA level. Mean uncertainty of the adjustment in MMA 
with our model was 13 nmol/L (2SD), taking into account error propagation, i.e. mean 
2SD of respectively 11 nmol/L for MMA(B12, eGFR) and 7.2 nmol/L for MMA(B12,121). 

The overall uncertainty varied between 4 to 62 nmol/L (min – max), depending on 
the level of vitamin B12 and eGFR (also see Figure 3C). The error in calculated MMA 
adjustment was overall smaller than our laboratory’s analytical precision and therefore 
of minor importance for the application of the model.

As our model can estimate the effect of eGFR on MMA, we subsequently estimated the 
clinical impact of our model. In the range of normal renal function, i.e. eGFR >90 mL/
min/1.73m2, the statistical variation (2SD) in the modeled adjustment in MMA appeared 
larger than the adjustment itself. Therefore, application of our model was restricted 
to eGFR ≤90 mL/min/1.73m2. Formula 2 was applied to the subset of reflex-tested 
patients, i.e. vitamin B12 levels between 90 and 300 pmol/L, with eGFR levels within 
the relevant range between 20 and 90 mL/min/1.73m2 (n = 989). The number of vitamin 
B12 deficiencies based on measured MMA values could be reduced by 40% through 
correcting MMA for renal function (Table 2). This resulted in an altered diagnosis of 
vitamin B12 deficiency in 5.9% of all the patients within the relevant subset (Table 2). 
Sub-analysis showed that the patients with adjusted diagnosis had significantly lower 
eGFR compared to the deficient patients according to the RDA (Table 1).

[2]
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Table 2. Contingency table vitamin B12 deficiencies. Frequency distribution (and percentage) 
of vitamin B12 deficiencies based on observed and adjusted MMA values (respectively MMAobs 

and MMAadj) in the subpopulation with vitamin B12 levels in the reflex test range (i.e. 90 – 300 
pmol/L) and with eGFR <90 mL/min/1.73m2.

MMAadj >430 nmol/L MMAadj ≤430 nmol/L Total

MMAobs >430 nmol/L 86 (8.7%) 58 (5.9%) 144

MMAobs ≤430 nmol/L 0 845 (85.4%) 845

Total 86 903 989

Discussion
Upon use of MMA in the assessment of vitamin B12 status, renal function must be 
taken into account as vitamin B12-unrelated factor influencing MMA levels. In this study, 
the influence of eGFR on the relation between MMA and vitamin B12 levels has been 
quantified through a data mining approach using a ‘big data’-set of 2906 patients. This 
model can be used to adjust observed MMA plasma levels for eGFR in individual patients 
when eGFR is between 20 and 90 mL/min/1.73m2. Application of our model revealed 
that 40% of the patients previously diagnosed with vitamin B12 deficiency according to 
the RDA could be revised as non-deficient. In these patients the increase in MMA was 
most likely caused by vitamin B12-unrelated factors, so one can assume that treatment 
with intramuscular vitamin B12 injections might not be necessary. This finding confirms 
the clinical relevance of taking into account renal function upon evaluation of MMA.

The CKD-EPI formula has a relative large uncertainty in eGFR, also below 90 mL/
min/1.73m2, but it is widely used in clinical practice, e.g. in calculating dosage for 
medication or contrast media (23,24). As the variance in eGFR is resulting in both 
overestimated as well as underestimated renal function (16), the large number of patients 
used in our approach will average out this effect. Especially in the elderly, overdiagnosis 
of vitamin B12 deficiency could be reduced by using the proposed model. Although 
the CKD-EPI formula has not been validated for subjects >70 years of age and eGFR is 
likely to be overestimated in this population, the proposed correction of MMA using an 
overestimated eGFR will even result in an underestimated adjusted MMA. Fulfilling the 
need for an eGFR validated in the elderly will increase the added value of our model in 
the elderly.

According to our model, MMA levels were already starting to increase at vitamin B12 
levels of 400 pmol/L. This is in accordance with literature stating MMA as an early 
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detector of vitamin B12 deficiency (13). A similar pattern was observed with respect to 
renal function. Where an eGFR of 90 mL/min/1.73m2 is currently used as the cut-off for 
normal renal function (17), our analysis showed increasing MMA levels starting at eGFR 
of 121 mL/min/1.73m2 (Figure 3). This emphasizes the relevance of taking into account 
renal function upon assessment of MMA levels in diagnosing vitamin B12 deficiency.

Some limitations of this work need to be addressed. Firstly, other factors also influencing 
MMA levels, e.g. dehydration, bacterial overgrowth, and antibiotic treatment, were not 
included (2,9,13). Secondly, a true gold standard for diagnosing functional vitamin B12 
deficiency which is really independent of renal function is not easily available. Even 
the classical Schilling test, which is relying on the urinary excretion of radiolabeled 
vitamin B12, does not meet this criterion (4,6). Thirdly, the combined order of vitamin 
B12, creatinine, and MMA is not standard, so this may have resulted in a selection 
bias in creating the dataset. However, by allowing for a certain time window between 
measurements, assuming the patient’s condition remained constant in this period, this 
bias is partially being compensated. Nonetheless, correction of MMA for renal function 
could not be performed for 13% of the patients having a vitamin B12 measurement in 
combination with MMA due to missing eGFR.

Analysis of baseline characteristics between patients included in our dataset (n=2906) 
and all patients having a vitamin B12 measurement (n=34,702) in the same period, 
showed significant differences in age (mean of respectively 49.8 vs. 56.1 years, p <0.01) 
and gender (% female of respectively 68 vs. 62, p <0.01). These differences can largely be 
explained by the relative high proportion of morbid obese patients in the dataset who 
were eligible for bariatric surgery and having routine combined measurements of vitamin 
B12, creatinine, and MMA prior to surgery. The Catharina hospital has a high-volume 
bariatric center, where patients are monitored with extensive laboratory panels prior 
and after surgery, including biomarkers vitamin B12, creatinine and MMA. Recipients of 
bariatric surgery are at risk of developing vitamin B12 deficiency due to reduced food 
intake and limited absorption potential (1,3,9). Therefore, their nutrient status is monitored 
closely. This resulted in an overrepresentation of data within the limits of reflex testing, 
i.e. vitamin B12 levels of 90 – 300 pmol/L, and of data of patients with eGFR >90 mL/
min/1.73m2. Upon fitting the regression model, this has been accounted for by weighing 
the data points. Although our dataset includes less than 10% of all patients that were 
measured at the laboratory during that period, the physiology of the effect of renal 
function on MMA is assumed to be sufficiently represented.

4
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Diagnosing vitamin B12 deficiency is not without difficulty; even a positive response 
to therapy is no absolute proof (19). Supplementation itself, regardless of the actual 
vitamin B12 status, has been shown to improve clinical symptoms related to vitamin 
B12 deficiency, such as fatigue in extreme or milder form, tingling or prickly fingers, 
and reduced attention span (9). Given the limitations of current testing for vitamin B12 
deficiency and because its administration is inexpensive and fairly innocent, many 
clinicians have a low threshold for prescribing vitamin B12 supplementation, usually by 
intramuscular injection to bypass issues with absorption (4,12). However, this approach 
may give a false sense of effective medical intervention for both the patient and provider 
(12). This also makes it difficult to validate diagnosis algorithms, including the model 
presented in this work. Because no data on intracellular vitamin B12 levels indicating 
true deficiency or not were available, it could not be checked if reclassified patients, 
i.e. from vitamin B12 deficient to sufficient, indeed were not deficient. In addition, the 
reported number of potentially saved treatments for vitamin B12 deficiency could be 
overestimated, as upon interpretation of these laboratory results, our clinical chemists 
already were advising physicians to be precautious upon diagnosing the patient being 
truly vitamin B12 deficient.

Future research should focus on implementing and validating our proposed model in a 
prospective clinical trial using objective outcome measures of vitamin B12 deficiency. 
In addition, the generalizability of the model should be investigated as it is currently 
based on the Catharina hospital patient population and laboratory equipment. Our data-
driven approach to improve diagnosis of vitamin B12 deficiency by combining multiple 
biomarkers has already been performed, however, eGFR was not taken into account (25-

27). Other attempts used an inductive approach by applying non-statistical data mining 
techniques, resulting in less intuitive models as obtained by the deductive statistical 
approach presented here (28,29).

In summary, this study emphasizes the necessity of additional measurement and 
assessment of renal function upon MMA-based diagnosis of vitamin B12 deficiency. The 
costs of an additional creatinine measurement are negligible compared to the costs and 
burden of unnecessary vitamin B12 supplementation. Through a data mining approach, 
we were able to quantify the influence of eGFR on the relation between MMA and 
vitamin B12 serum levels in order to adjust observed MMA serum levels. Especially in 
the elderly, adding eGFR into the assessment may result in a reduction of overdiagnosis 
of vitamin B12 deficiency and corresponding treatment. In general, this work illustrates 
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the potential of combining pre-existent laboratory data and applying data-driven decision 
support tools for personalized (laboratory) medicine, improving diagnostic test utilization 
and supporting clinical decision making.

4
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Abstract
Background

The focus of bariatric surgery is reduction of weight, reflected in body mass index (BMI). 
However, the resolution of comorbidity is a second important outcome indicator. The 
degree of comorbidity is hard to quantify objectively as comorbidities develop gradually 
and are interdependent. Multiple scoring systems quantifying comorbidity exist but they 
lack continuity and objectivity. In analogy with BMI as index for weight, the Metabolic 
Health Index (MHI) is developed as objective quantification of metabolic health status. 
Laboratory data were used as comorbidities affect biomarkers. Conversely, laboratory 
data can be used as objectively obtained variables to describe comorbidity.

Methods

Laboratory data were collected and crosschecked by national quality registry entries. 
Machine learning was applied to develop an ordinal logistic regression model, using 4 
clinical and 32 laboratory input variables. The output was mathematically transformed 
into a continuous score for intuitive interpretation, ranging from 1 to 6 (MHI).

Results

In total 4778 data records of 1595 patients were used. The degree of comorbidity is 
best described by age at phlebotomy, estimated Glomerular Filtration Rate (eGFR), and 
concentrations of glycated hemoglobin (HbA1c), triglycerides, and potassium. The model 
is independent of day of sampling and type of surgery. Mean MHI was significantly 
different between patient subgroups with increasing number of comorbidities.

Conclusions

The MHI reflects severity of comorbidity, enabling objective assessment of a bariatric 
patient’s metabolic health state, regardless day of sampling and surgery type. Next to 
weight-focused outcome measures like %TWL, the MHI can serve as outcome measure 
for metabolic health.
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Introduction
More than 10% of the worldwide population is considered obese, having a body mass 
index (BMI) ≥30 kg/m2 [1]. Obesity is associated with comorbidities like type 2 diabetes 
mellitus (T2D), hypertension, and dyslipidemia, which are responsible for >2.5 million 
deaths per year worldwide [2,3]. The only treatment modality with proven long term effect 
is bariatric surgery [2]. However, historically, only patients with morbid obesity (BMI >40 
kg/m2) are offered bariatric surgery. Lately, also patients with a BMI between 35 and 
40 kg/m2 with clinically relevant comorbidities like T2D, hypertension or dyslipidemia, 
have become eligible for bariatric surgery. This new indication for surgery is most 
often referred to as metabolic surgery, which focuses on improving obesity-related 
comorbidities next to weight loss [4–8]. European guidelines already suggest metabolic 
surgery for patients with dysregulated T2D and BMI between 30 and 35 kg/m2 to support 
T2D improvement or remission [8].

Nowadays, the concept of value-based health care is becoming increasingly important 
and the outcome of provided care should be weighed against the costs. Weight loss is a 
clear outcome measure for bariatric surgery. Weight loss can be objectively quantified 
by multiple measures like BMI, percentage of total weight loss (%TWL) or percentage 
of excess weight loss (%EWL) [4]. Conversely, improving obesity-related comorbidity is 
difficult to measure objectively. Comorbidities like T2D, hypertension and dyslipidemia 
develop gradually and are interdependent. Together they reflect the continuum of 
the metabolic syndrome (MetS) or syndrome X. MetS is a widely accepted concept 
identifying the centrally obese patient with increased risk for cardiovascular disease and 
diabetes [6,9–15]. Therefore, it is important to assess the comorbidities T2D, hypertension 
and dyslipidemia. There are criteria to diagnose each comorbidity. However, objectively 
expressing improvement of comorbidity is more difficult [8]. In clinical practice, this is 
often left to the physician’s assessment. Current criteria for improvement of comorbidity 
are dichotomous and do not cover minor steps towards remission. For example, a 
diabetic patient that went from insulin injections before surgery to oral medication 
only after surgery is not considered as ‘partial remission’ according to the criteria in the 
European guidelines [8]. However, this change in pharmacotherapy can still be seen as an 
improvement. Ideally, an outcome measure should absorb these minor improvements of 
comorbidity. A measure on a continuous scale that is also derived from objective input 
would be preferred here.

5
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For single comorbidities quantitative measures are already available [11,13–15]. However, 
half of the comorbid bariatric patients in our population had not one but multiple 
comorbidities (multimorbidity). In addition, comorbidities interact and therefore their 
cumulative impact needs to be quantified together to assess their overall impact. Already, 
multiple scoring systems for the assessment of MetS severity have been developed, 
like the Edmonton Obesity Staging System (EOSS) [16,17]. The EOSS relies on definitions 
of risk or of comorbid conditions and on the interpretation of the terms like ‘mild’, 
‘moderate’ or ‘severe’. The nature of MetS as a continuous spectrum of disease is by 
the EOSS divided in five separate classes [18,19]. Examples of continuous MetS scores are 
the continuous metabolic syndrome risk score (cMSy), the simple metabolic syndrome 
(siMS) score and the metabolic syndrome severity score (MetSSS), all acknowledging 
the MetS continuum [20–22]. The MetS scores use input variables similar to the diagnosis 
criteria for MetS, i.e. triglyceride level, high-density lipoprotein (HDL) cholesterol level, 
glucose level, waist circumference, and both systolic and diastolic blood pressure [10,14,15]. 
So, next to objective laboratory test results, these MetS severity scores also rely on input 
data that are susceptible to interobserver variation due to, for example, the manual way 
in which they are normally obtained.

In search for the ideal performance indicator, an outcome measure is needed that is both 
continuous and objective. These current MetS scores do not meet up to both criteria. A 
new measure must describe comorbidity-related metabolic health status by integrating 
the impact of multimorbidity and being observer-independent. Therefore, the aim of this 
study is to develop such an outcome measure, called the Metabolic Health Index (MHI). 
As comorbidities affect biomarkers, we hypothesized that biomarkers would be ideal to 
describe the severity of comorbidities like T2D, hypertension and dyslipidemia. A data-
driven approach was chosen to mine extensive laboratory data from our high-volume 
bariatric center. The laboratory data consist of biomarkers reflecting hematological 
status, kidney function, liver function, thyroid function, glucose metabolism, lipid profile, 
and inflammation parameters. All variables were measured both before and several 
times after surgery. Machine learning was applied, offering the opportunity to reveal 
otherwise unrecognized patterns in the data describing the overall impact of the multiple 
comorbidities. This approach seeks to develop an easily interpretable model based on 
objective input. The output, called MHI, should be numeric and continuous. Similar to the 
BMI describing a patient’s weight status, the MHI could help in the objective assessment 
of comorbidity in bariatric patients summarizing the metabolic health burden due to 
comorbidities T2D, hypertension and dyslipidemia.
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Materials and Methods
All patients provided informed consent on the use of their medical data for scientific 
purposes. Statistic software R version 3.5.0 was used for data analysis and model building 
[23,24].

Data

Comprehensive laboratory data were collected from patients who underwent primary 
laparoscopic sleeve gastrectomy (SG) or Roux-and-Y gastric bypass (RYGB) surgery 
between January 2012 and January 2015 at the Catharina Hospital obesity center 
(Eindhoven, The Netherlands). Dutch guidelines were followed for mandatory screening 
and follow-up program. All patients periodically visited the outpatient clinic and had 
blood drawn for laboratory workup (at any time of the day). The variables included in 
the laboratory workup are hemoglobin, hematocrit, erythrocytes, mean corpuscular 
hemoglobin, mean corpuscular volume, thrombocytes, leukocytes (all XE-5000, Sysmex); 
bilirubin, aspartate aminotransferase (AST), alanine aminotransferase (ALT), lactate 
dehydrogenase, alkaline phosphatase, gamma- glutamyl transferase, urea, creatinine, 
potassium, sodium, phosphate, albumin, C-reactive protein, cholesterol (total), High 
Density Lipoprotein cholesterol, triglycerides, glucose, parathormone, ferritin, folic acid 
(all Cobas, Roche DX); prothrombin time (international normalized ratio (INR); Stago, 
STA-R MAX), and hemoglobin A1c (HbA1C; Tosoh G8, Sysmex). Additional calculated 
variables were AST/ALT ratio, cholesterol/HDL-ratio, estimated glomerular filtration rate 
(eGFR, using Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) formula, 
replacing creatinine as input variable) and albumin-corrected calcium (corrected 
calcium (mmol/L) = total calcium (mmol/L) + 0.02 x (40 – albumin (g/L)). This resulted 
in 32 biomarkers being included for modeling. In addition, data on patient’s gender, 
age at phlebotomy, BMI, applied surgical technique and date of surgery were collected 
from the hospital’s Electronic Medical Records (EMR). The dates were categorized into 
periods with respect to surgery, i.e. 3 months before surgery or 6, 12, 24 months after 
surgery. Laboratory workups performed at 3 months before surgery and at 6, 12 and 
24 months after surgery were included. This resulted in 34 variables for modeling, i.e. 
all 32 biomarkers, gender and age. The remaining variables ‘BMI’, ‘period’ and ‘type of 
surgery’ were only used for sub-analyses.

The laboratory data were merged with bariatric national quality registry entries extracted 
from the Dutch Audit for Treatment of Obesity (DATO) [25]. The DATO entries included 
data on the presence or absence of comorbidities T2D, hypertension and dyslipidemia, 
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both before and after surgery (see Chapter 3, Box 1). These data were collected during 
periodic clinical visits, where the physician or nurse practitioner assessed comorbidity, 
and considered as current ‘gold standard’ method. An ordinal output variable was defined 
by adding the three binary DATO labels for each comorbidity and stating comorbidity 
presence as ‘none’, ‘one’, or ‘multiple’. It is assumed here that patients having multiple 
comorbidities are less healthy compared to those with fewer or no comorbidities.

Upon merging the data, the maximal time window allowed between a laboratory workup 
and a DATO entry was set at 90 days. For each patient and for each period, the pair 
of laboratory and DATO data (further referred to as ‘data record’) having the smallest 
number of days between them was chosen as record for modeling. Laboratory workups 
and DATO-entries that did not suffice the merging criterion of 90 days were excluded. 
Incomplete data records (e.g. missing biomarker data or missing comorbidity labels) 
were excluded. In addition, patients without pre-surgical data were excluded, as effect 
of surgery could then not be assessed.

Model building

The preferred modeling technique was ordinal logistic regression because it allows 
regression of an ordinal outcome variable on both continuous and categorical input 
variables. Of the available logistic regression models, the penalized extended continuation 
ratio model was used. This model is based on conditional probabilities and fits ordinal 
responses when subjects have to ‘pass through’ one category to get to the next [23,26,27].

Internal model validity was evaluated by applying 10-fold cross-validation. Cross-
validation is a common method to assess the generalization power of a model. The 
dataset was randomly split in 10 equally sized, representative disjoint subsets. In each 
subset, the distribution of comorbidities was similar to the total dataset. A model was 
built on a merged set of 9 of the 10 subsets. The remaining subset was used to evaluate 
the model’s performance. By building 10 models one gets a better estimation of the 
quality of the model, allowing for calculations of the error on the model’s output.

In the cross-validation, each model was initially built using all 34 input variables (‘full’ 
model). A selection of variables was made to reduce the number of input variables in 
the final model and to eliminate variables that were of limited informative value to the 
outcome of the model. Here, Harrell’s ‘model approximation’ procedure was used [23]. 
Input variables were removed from the ‘full’ equation in a repetitive, step-wise manner 
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until the simplified linear predictor approximated the linear predictor of the ‘full’ model 
to a certain goodness of fit (R2). The R2 was determined after the removal of each single 
input variable. The simplification was stopped when an R2 of 0.95 was reached. This 
threshold for approximation was set at 0.95 to limit the number of variables being 
included in the final model while maintaining the model’s discriminative power (feature 
selection). The variables were thus selected in a data-driven manner, not guided by 
medical domain knowledge.

The outcome of the final model was a predicted probability of having comorbidity. 
The assumption was that the predicted probability corresponds to the patient’s 
metabolic health burden. Because the model’s logistic function (S-curve) is not linear, 
it is less intuitive to interpret. Therefore, the predicted probability was mathematically 
transformed onto a linear scale and recalculated into an intuitive, continuous score 
of increasing metabolic health burden, the MHI. The final model was also visualized 
in a nomogram for interpretation of the effect size of the individual variables. In this 
nomogram, each effect in the model was converted to a 0 to 100 scale. Points can be 
assigned to each variable depending on its obtained value.

Model evaluation

Model performance was assessed for discriminative power using the area under the 
receiver operating characteristic (ROC) curve (AUC). The prediction of comorbidity by the 
model was compared with the categorical comorbidity labels ‘none’, ‘one’, or ‘multiple’. 
Mean AUC was estimated by averaging the AUC of each model developed in the 10-fold 
cross-validation. Using the mean AUC and corresponding variablility around the mean, an 
estimate was provided of the stability of the applied modeling technique. The distinctive 
character of the MHI was also assessed by comparing the MHI between different patient 
groups with respect to the number and type of comorbidity. After performing an ANOVA 
test to assess overall difference in mean MHI, Tukey’s Honest Significant Difference test 
was used to compare mean MHI between groups.

The robustness of the model was assessed by comparing the MHI as calculated by the 
final model with the MHI calculated by a model fitted on different subsets of the data, i.e. 
pre-surgery and post-surgery data (time dependency) or SG and RYGB data (procedure 
dependency). 
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Clinical potential

%TWL is a common ‘weight-centric’ outcome measure in the assessment of the 
procedure’s performance. The MHI can be used as ‘comorbidity-centric’ outcome 
measure, allowing for a second dimension in this same assessment. Therefore, the study 
population was categorized into subgroups based on %TWL and MHI reduction at 12 
months after surgery. A clear definition of ‘success’ has not been uniformly defined [4]. 
Therefore, the 25th and 75th percentiles of both %TWL and MHI reduction 12 months post-
surgery were derived from the study population and used to identify ‘poor’ and ‘good’ 
performers, rather than defining ‘success’ or ‘failure’ based on certain values for either 
%TWL or MHI. Thus, the study population was divided in subgroups ‘poor’ performers 
(below 25th percentile), ‘average’ performers (between 25th and 75th percentile) and 
‘good’ performers (above 75th percentile) for both %TWL and MHI reduction after 12 
months.

The MHI can also serve as an institutional performance indicator to quantify the 
improvement in metabolic health status by the care provided. This possible application 
of the MHI on institutional level is shown by comparing mean MHI before and after 
surgery. In addition, two subgroups were identified having different presurgical 
conditions, determining their eligibility for surgery. The discrimination was made based 
on the current two eligibility criteria, resulting in ‘bariatric’ patients (BMI ≥40 kg/m2) and 
‘metabolic’ patients (BMI between 35 and 40 kg/m2 with at least one obesity-related 
comorbidity like T2D, hypertension or dyslipidemia) [2,4,5].

Results
Exploratory data analysis

In the period between January 2012 and January 2015, 1739 patients underwent bariatric 
surgery at the Catharina hospital. A minority of 144 patients (8%) was excluded because 
of missing data, mostly due to missing data prior to surgery. This was attributed to 
including patients based on surgery date. In January 2012 a standard laboratory workup 
panel was introduced at our bariatric center. Of patients having surgery in the beginning 
of the inclusion period, no standard laboratory workup data were available prior to 
surgery. Of the remaining 1595 patients 4778 complete sets of laboratory workup data 
and DATO entries were obtained (data records). Patient group sizes differed between 
the defined time points as data were retrospectively collected over a cross-section of 
the bariatric patient population (Table 1). Compared to the initial cohort, 694 patients 
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(44%) were lost in follow-up after 24 months. These dropped-out patients did not differ 
significantly in BMI or MHI at baseline from patients still available in the 24 month follow-
up, respectively 44.1 kg/m2 versus 43.8 kg/m2 and MHI 3.1 versus 3.1. Also, the ratio SG/
LRYGB did not differ significantly between both groups (51/49 vs 54/46). Therefore, the 
drop-out was considered random.

The majority of the patients (80%) was female (Table 1). At surgery, overall mean (± 
standard deviation (SD)) age was 41 (±11) years and overall mean BMI was 44 (±5.7) 
kg/m2. Also, 43% (n = 692) of the patients had comorbidities, of which 55% (n=379) 
had one comorbidity, 28% (n = 197) had two comorbidities, and 17% (n = 116) had all 
three comorbidities. With respect to the comorbidities of interest, 79% (n = 549) had 
hypertension, 42% (n = 294) had T2D, and 40% (n = 278) had dyslipidemia. Correlations 
between variables were analyzed. Expected high correlations were observed, e.g. 
between HbA1c and glucose (r = 0.78, Pearson), introducing multicollinearity in the 
logistic regression model. In general, multicollinearity does not reduce the reliability of 
the outcome of the model but affects the interpretation regarding individual coefficients.

Table 1. Population characteristics at different time points. Pre, pre-surgery; 6M, 6 months 
after surgery; 12M, 12 months after surgery; 24M, 24 months after surgery; Number of patients 
(n); BMI, body mass index; RYGB, laparoscopic Roux-en-Y Gastric Bypass; SG, sleeve gastrectomy; 
T2D, type 2 diabetes mellitus.

Pre
(n = 1595)

6M
(n = 1263)

12M
(n = 1019)

24M
(n = 901)

Female 79 % 80 % 81 % 81 %

Age in years ± SD 41 ± 11.3 42 ± 11.2 43 ± 10.9 44 ± 10.8

Weight in kg ± SD 126 ± 20.8 92 ± 16.6 84 ± 15.8 86 ± 16.6

BMI in kg/m2 ± SD 44 ± 5.7 32 ± 4.9 29 ± 4.7 30 ± 5.1

RYGB 48 % 46 % 48 % 46 %

SG 52 % 54 % 52 % 54 %

T2D 18 % 13 % 9 % 7 %

Hypertension 34 % 26 % 21 % 15 %

Dyslipidemia 17 % 13 % 12 % 9 %

No comorbidities 57 % 66 % 72 % 79 %

One comorbidity 24 % 19 % 18 % 13 %

Multiple comorbidities 20 % 14 % 10 % 8 %
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Model

The ‘full’ model using all 34 input variables was simplified by omitting variables one-by-
one in a repetitive, stepwise manner. This stepwise omission of variables was stopped 
when the approximation of the ‘full’ model by the simplified model dropped to an R2 
of 0.95. At this point in the data-driven simplification of the ‘full’ model, five variables 
remained in the model: HbA1c, age, triglycerides, eGFR and potassium. Excluding one of 
these variables from the model resulted in R2 <0.95. These variables were thus considered 
of most informative value to the outcome of the model, i.e. describing metabolic health 
status. The linear predictor (Xβ) of the final, simple logistic regression model was given 
by the following equation:

Equation 1 was visualized in a nomogram for ease of interpretation (Figure 1).

In order to compare different patient groups of increasing metabolic health burden, 
the MHI was categorized in classes I to VI (Table 2). Classes were defined using quintiles 
of predicted probability, with an additional category for the 95th percentile. The mean 
level (± standard deviation, SD) of HbA1c increased from 34 ± 3 mmol/mol in MHI class 
I to 74 ± 14 mmol/mol in MHI class VI (reference interval: 20 - 42 mmol/mol). Mean age 
went from 33.5 ± 8.1 years in MHI class I to 54.1 ± 8.2 years in MHI class VI. The mean 
level of triglycerides increased from 1.1 ± 0.5 mmol/L in MHI class I to 3.4 ± 1.9 mmol/L 
in MHI class VI (target value: <2.0 mmol/L). Mean potassium levels were similar in all 
MHI classes, i.e. 4.0 ± 0.3 mmol/L (reference interval: 3.5 - 5.0 mmol/L). The mean eGFR 
decreased from 110 ± 13 ml/min/1.73m2 to 88 ± 25 ml/min/1.73m2 (reference value: 
>90 ml/min/1.73m2).

[1]

˰
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Figure 1. MHI nomogram. Nomogram for interpretation of the effect size of the individual vari-
ables in the MHI model. For each variable in the nomogram the corresponding number of points 
can be deduced.

Table 2. MHI classes and model variables. Classification of MHI according to percentile ranges, 
reflecting severity of metabolic health burden due to comorbidity (mean ± SD). Shown are 
predicted probability and corresponding point range according to the nomogram (see Figure 
1). Number of measurements (n); hemoglobin A1c (HbA1c); estimated glomerular filtration rate 
(eGFR, using Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) formula).

probability <0.20 0.20 – 0.40 0.40 – 0.60 0.60 – 0.80 0.80 – 0.95 >0.95

points <100 100 – 118 119 – 134 135 – 152 153 – 182 >182

MHI 1 - 2 2 - 3 3 - 4 4 - 5 5 - 6 >6

MHI class I II III IV V VI

n 1946 1427 681 351 226 147

HbA1c (mmol/mol) 34 ± 3 37 ± 3 40 ± 4 44 ± 6 55 ± 8 74 ± 14

age at phlebotomy 
(years)

33.5 ± 8.1 45.9 ± 6.9 50.8 ± 7.8 53.8 ± 8.1 53.5 ± 7.9 54.1 ± 8.2

triglycerides (mmol/L) 1.1 ± 0.5 1.3 ± 0.6 1.7 ± 0.8 2.1 ± 1.0 2.5 ± 1.3 3.4 ± 1.9

potassium (mmol/L) 4.0 ± 0.3 4.0 ± 0.3 4.0 ± 0.3 4.0 ± 0.3 4.0 ± 0.4 4.0 ± 0.4

eGFR (CKD-EPI) 
(mL/min/1.73m2)

110 ± 13 98 ± 13 92 ± 15 89 ± 18 89 ± 21 88 ± 25
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The distribution of patients with either none, one, two or three comorbidities was 
evaluated over the continuous range of the MHI (Figure 2). Among the patients with 
MHI of 1 98.5% had no comorbidity. This proportion decreases to 6.8% for patients with 
MHI of 6. Vice versa, no patients with MHI of 1 had three comorbidities while a majority 
of the patients with MHI of 6 had three comorbidities (40%). These observations support 
our assumption that the model’s predicted probablity, transformed into the MHI, mimicks 
the metabolic health burden.

Figure 2. Frequency distribution of number of comorbidities per MHI point. The distribution 
of patients with either none, one, two or three comorbidities is plotted for each MHI point in the 
range between 1 and 6. The number of comorbidities per patient was based on registry data from 
the Dutch Audit of Treatment of Obesity (DATO).

Model performance

The predictions of the 10 models in the cross-validation were used to construct a ROC-
curve (Figure 3). The mean (±2SE) AUC of the 10 simplified models of the cross-validation 
was 0.82 (±0.02). The added value of combining multiple variables to quantify metabolic 
health burden was shown by constructing ROC curves of the model’s individual input 
variables (Figure 3). The AUC of the final model was significantly larger than the AUCs of 
the individual variable models.

The distinctive character of the MHI was further endorsed by comparing the MHI 
between patient groups with differences in the number and type of comorbidity, as 
defined according the gold standard (i.e. DATO). The mean increase in MHI, including 
95%-confidence interval (CI), between patients without comorbidity and patients with 
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only dyslipidemia or only T2D were respectively 0.7 (0.4 – 0.9) and 2.0 (1.7 – 2.3). As 
triglyceride and HbA1c levels are used to diagnose respectively T2D and dyslipidemia, 
this discrimination is obvious. However, for patients with only hypertension, the mean 
increase in MHI compared to non-comorbid patients was 0.9 (0.7 – 1.0) (Figure 4). 
Here, the variables included in the MHI model are not used to diagnose hypertension. 
The observed differences in mean MHI were all significant (p <0.001). The ability to 
discriminate between patient groups with and without hypertension was also observed 
in cases of multimorbidity. In patients with either dyslipidemia or T2D the MHI increased 
on average 0.6 (0.2 – 1.0; p <0.001) when also hypertension was diagnosed (Figure 4). On 
top of that, the mean increase in MHI in case of T2D and dyslipidemia without and with 
hypertension was 0.7 (0.3 – 1.1; p <0.001). The model can thus predict hypertension, even 
without including blood pressure measurements or specifying any additional treatment.

Figure 3. Receiver operating characteristic (ROC) curve of MHI. ROC curve of the MHI model 
is plotted together with the ROC curves of each single variable in the MHI model. The mean ROC 
curve out of 10 folds cross-validation is shown with error bars reflecting standard error (SE). Mean 
(±2SE) area under the ROC curve (AUC) for the MHI model is 0.82 (±0.02) compared to mean 
(±SE) AUCs of 0.74 (±0.02), 0.73 (±0.02), 0.69 (±0.02), 0.64 (±0.02) and 0.53 (±0.02) of respectively 
HbA1c, age, triglycerides, eGFR (CKD-EPI) and potassium. The added value of combining variables 
into the MHI is highlighted.
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Figure 4. MHI and hypertension. Boxplot showing the increase in MHI for categories of comor-
bidity including hypertension. Boxes represent the area between the first (Q1) and third quartile 
(Q3). Medians are plotted within the boxes. Notches represent confidence interval around the 
median. The whiskers display 1.5 times interquartile range (IQR, Q3 – Q1) or minimum/maximum 
when inside IQR. The open dots represent outliers (>1.5 IQR). None = no comorbidity (n=3280), 
Hyp = hypertension (n=630), Hyp+Dys = hypertension and dyslipidemia (n=180), T2D+Hyp+Dys = 
T2D and hypertension and dyslipidemia (n=199).

The robustness of the model was assessed with respect to dependency on time (pre- 
and post-surgery) and surgical procedure (SG and RYGB). The median difference in 
MHI, including interquartile range (IQR), between the final model and the model fitted 
only on pre-surgical data (n=1595) was -0.1 (-0.2 – 0.0). For post-surgical data (n=3183) 
the median difference in MHI with respect to the final model was 0.0 (0.0 – 0.1). This 
procedure was repeated with respect to surgical procedure. The median MHI difference 
for SG (n=2534) was -0.1 (-0.1 – 0.0) and for RYGB (n=2244) 0.1 (0.0 – 0.2). In all four cases, 
the median difference in MHI was relatively small. In addition, all IQR included zero and, 
thus, the observed differences were considered not significant. Therefore, the final MHI 
model was considered robust and independent with respect to time and type of surgery.

Applications of the MHI

The 25th and 75th percentile-based patient categorization with respect to %TWL and MHI 
reduction 12 months post-surgery resulted in the identification of ‘poor’ performers 
(below 25th percentile), ‘average’ performers (between 25th and 75th percentile) and 
‘good’ performers (above 75th percentile) in both dimensions (Table 3). According to 
%TWL alone, 271 patients out of 1019 would be considered as ‘poor’ performers. 
However, using the MHI as second outcome measure, a subgroup of 57 patients could 
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be identified that underperformed with respect to weight loss but overperformed with 
respect to improving their metabolic health status. When considering only %TWL, this 
subgroup would be considered as ‘poor’ performing. However, by adding the second 
dimension in the assessment using the MHI, one might change this statement. Especially 
in the patient group with BMI 35 – 40 kg/m2, where the surgery, next to weight loss, 
is mainly intended to improve metabolic health status, this second dimension in 
performance assessment is of added value.

Table 3. MHI as outcome measure next to %TWL. Improvement in MHI as outcome measure 
in addition to percentage of total weight loss (%TWL) at 12 months after surgery (12M). The 
population is categorized into three groups based on percentile ranges, where Q1 is the 25th 

percentile (‘poor’ performers) and Q4 the 75th percentile (‘good’ performers). Quartiles 2 and 3 
are combined and reflect the median 50% of the population (‘average’ performers).

%Total Weight Loss (12M)
Q1

(≤28%TWL)
Q2-Q3

(28-38%TWL)
Q4

(>38%TWL)
Total

M
H

I r
ed

uc
tio

n 
(1

2M
)

Q1
(ΔMHI ≤0.2)

67 99 56 222

Q2-Q3
(ΔMHI 0.2-1.3)

148 273 121 542

Q4
(ΔMHI >1.3)

57 131 67 255

Total 272 502 244 1019

On institutional level, the improvement in metabolic health of treated bariatric patients 
was quantified with the MHI and used to compare outcome in different subgroups 
(Figure 5). Within our dataset the mean (±SD) baseline MHI was 3.1 (±1.5) for the overall 
population. Six months after surgery the mean MHI decreased to 2.3 (±1.2) and remained 
constant afterwards, i.e. 2.3 (±1.1) and 2.3 (±1.1) at respectively 12 and 24 months 
postoperative. There is clearly an improvement in metabolic health status over time, 
which is mainly achieved within the first 6 months after surgery. Closer evaluation of the 
total population reveals two subgroups, i.e. ‘bariatric’ patients and ‘metabolic’ patients. 
Evaluation of the bariatric patients (n=1227) revealed a mean baseline MHI of 3.0 (±1.5) 
and an overall decrease of 0.7 MHI points within six months post-surgery. The metabolic 
patients (n=195) had a mean baseline MHI of 4.3 (±1.5) with an overall decrease of 1.1 
MHI points after six months (Figure 5). The metabolic patients indeed have a different 
(higher) starting point with respect to MHI compared to the bariatric patients. Their 
improvement in MHI also is larger over the same time period, emphasizing the impact 
of bariatric surgery on improving comorbidity in this patient group.
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Figure 5. MHI diagrams. Diagrams (pie charts) of the distribution of MHI classes per period in 
time for the total population (top row), the ‘bariatric ‘subpopulation with BMI ≥40 kg/m2 (middle 
row) and the ‘metabolic’ subpopulation with BMI between 35 and 40 kg/m2 with at least one 
obesity-related comorbidity like T2D, hypertension or dyslipidemia (bottom row). Mean overall 
MHI is given in the center of each chart. Number of patients (n).

Discussion
Quantification of patient status through data-driven indices is a recent trend in medicine 
[28]. The development of the MHI is in line with this trend. The MHI enables the transition 
from a binary label, indicating presence or absence of comorbidity, into a continuous 
index quantifying severity of metabolic health burden due to comorbidity. Instead of 
three separate outcome labels for the comorbidities T2D, hypertension and dyslipidemia, 
one single objective measure is presented. The MHI includes the crosstalk between 
the three comorbidities, reflecting the continuum of the metabolic syndrome, and is 
independent with respect to day of sampling and surgery type. The MHI is capable of 
discriminating patients with increasing number of comorbidities, including hypertension 
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which is not diagnosed based on biomarkers. Having one single, easy to interpret measure 
simplifies comparisons with other outcome measures like BMI or %TWL, compared to 
having to analyze outcome per comorbidity separately.

The MHI can be used to refine the readily available information that a patient has 
comorbidity, in the sense that the severity of comorbidity can now be quantified using 
a continuous score. Also improvement in comorbidity and resolution can be quantified 
using the MHI. The MHI correlates with the number of drugs a hypertensive patient uses, 
i.e. mean MHI increased with increasing number of antihypertensive drugs (data not 
shown). The same phenomenon was observed in diabetic patients using oral medication 
only compared to insulin. These findings support the statement that the MHI allows for 
objective quantification of the severity of comorbidity and allows the identification of 
minor improvements in comorbidity, not captured by the current criteria.

Compared to other MetS scores like EOSS, cMSy, siMS and MetSSS, the MHI has the 
advantage that it can be used as outcome measure because it is both continuous 
and based on variables that can be objectively obtained. The MHI is, besides age at 
phlebotomy, solely based on objectively obtained laboratory measurements. This 
objective character is a main asset of the MHI compared to all other MetS scores. In 
addition, the MHI is relatively easy to implement as additional laboratory variable as all 
five variables are already available in the laboratory information system. The MHI could 
be automatically reported as calculated variable next to routine analytical variables. This 
makes the MHI beneficial over other MetS scoring algorithms that use separate platforms 
and, therefore, are not easily available to automatically calculate the outcome.

The MHI is largely intuitive, despite being built through a data-driven approach. The 
combination of HbA1c, age, triglycerides, eGFR and potassium results in a higher 
discriminative power with respect to identifying comorbidity compared to each variable 
separately. Where HbA1c or triglyceride levels alone each resulted in an AUC of 0.74 and 
0.69 respectively, combining them with age, eGFR and potassium into the MHI increased 
the AUC to 0.82. The data-driven approach selected these five well-recognized variables 
as optimal input. The selection of biomarkers HbA1c and triglycerides is intuitive as they 
both are used in the diagnosis of T2D and dyslipidemia respectively. It is also well known 
that age is related to prevalence of comorbidity in general. The involvement of renal 
function, expressed by eGFR according to the CKD-EPI formula, can be explained by the 
end-organ damage induced by hypertension and/or T2D. The inclusion of potassium as 
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variable in the MHI model is less obvious. In the approximation of the full MHI model, 
the exclusion of potassium as fifth variable decreased the R2 only from 0.95 to 0.94, so 
one may argue its role in the final MHI model. Nonetheless, sub-analysis showed that 
the subgroup of patients with hypertension had significantly lower potassium levels 
compared to subgroups without or with other (combinations of) comorbidity. Potassium 
levels can be decreased upon use of diuretics in the treatment of hypertension. It can 
even result in hypopotassemia depending on the type and number of diuretics used. The 
potassium level is more likely to decrease when multiple antihypertensive drugs are used. 
We therefore believe that in the MHI model potassium is reflecting the use of (multiple) 
antihypertensive drugs and is related with the severity (or persistency) of hypertension.

The approach of including only objective laboratory data has several limitations. Only 
comorbidities T2D, hypertension and dyslipidemia were used in the development of the 
MHI as these represent the MetS. Additional data on these comorbidities such as physical 
fitness or perceived quality of life could improve the quantification of disease burden 
[29–31]. However, these types of data contain a degree of subjectiveness which makes them 
harder to compare. Also, no information on medical treatment was taken into account. 
One could argue that higher HbA1c levels without insulin is not even worse than a lower 
value while still using antidiabetics. On the other hand, the glycemic status is the goal 
irrespective to its treatment (e.g. lifestyle advice and/or bypass and/or metformine) and 
surpasses the difficulties encountered in scoring and rating the medications.

The MHI can serve as clinical performance indicator next to weight-focused markers 
like %TWL, as shown in Table 3. Although the definition of ‘poor’, ‘average’ and ‘good’ 
performer was data-driven, using the MHI a group of patients was identified considered 
‘poor’ with respect to %TWL but ‘good’ when considering reduction in MHI. The MHI can 
also be used to compare subgroups, e.g. based on performed type of surgery like SG or 
RYGB, within a single institution as well as between different institutions. However, more 
research is needed with respect to the generalizability of the MHI and its application in 
different populations. Laboratory tests are not standardized and clinical decision making 
regarding diagnosis and treatment may depend on local and not universal practice. 
Prospective studies for examining the additional value for the individual patient have 
not been performed, but one might argue that there is a potential role for the MHI as 
a tool to personalize individual counseling in postoperative monitoring. Currently there 
has not been a trial where treatment regimens with or without MHI were compared. As 
age is one of the variables to calculate the MHI, one might consider an age-corrected 



105

Development of the MHI

MHI to rule-out the effect of aging during monitoring. Furthermore, the MHI might be 
used to manage patient expectations and may improve compliance as complying to one 
measure summarizing your metabolic health status is intuitively beneficial over three 
separate outcomes for each comorbidity.

There are currently no clear criteria with respect to the assessment of improvement of 
metabolic health status. In daily practice this assessment now relies on the physician’s 
observation, which may be subject to observer bias. The influence of changing medication 
regimes also troubles the assessment of improvement in metabolic health. Despite its 
limitations, the physician’s observation is currently the gold standard in the follow-up of 
metabolic health status after bariatric surgery. As the physician’s assessment was used to 
develop our model, the MHI never will replace the physician’s judgement, but definitely 
will support the physician in a more objective assessment of comorbidity.

In conclusion, the MHI enables objective assessment of metabolic health status in 
bariatric patients concerning comorbidities T2D, hypertension, and dyslipidemia. Hereby, 
additional value has been created through merging and mining available clinical and 
laboratory data. Although built by a data-driven approach, our model is largely intuitive. 
The MHI does not only have the potential to support clinical decision making, but could 
also serve as a useful tool for research and policy makers to better define the impact and 
improvement of obesity-related comorbidity on metabolic health status.
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Abstract
Background

The metabolic health index (MHI) objectively assesses the severity of comorbidities 
type 2 diabetes mellitus, hypertension and dyslipidemia in bariatric patients. The MHI is 
developed on a single-center cohort using a fully data-driven approach. To show universal 
applicability in clinical care, the MHI is externally validated and potential laboratory-
related shortcomings of the MHI are evaluated.

Methods

Retrospective laboratory and national bariatric quality registry data were collected of five 
Dutch bariatric centers (n = 11,501). MHI imprecision is derived from the cumulative effect 
of biological and analytical variance of the individual input variables. The performance 
of the MHI (model) is assessed in terms of discrimination and calibration.

Results

The cumulative imprecision in MHI is 0.21 MHI points. Calibration of the MHI model 
diverges over the different centers but is accounted for by misregistration of comorbidity. 
Discriminative performance of the model is consistent in the different centers.

Conclusions

The MHI model is robust and can thus be applied in clinical practice of bariatric centers, 
regardless of patient mix and measurement platform. Because the MHI is based on 
objective parameters, it is insensitive to diverging clinical definitions of comorbidities. 
Therefore, the MHI could be used to objectify comorbidities and compare outcome over 
time and between institutions.
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Introduction
A well-known population metric to define overweight and obesity is the body mass index 
(BMI), where a BMI ≥30 kg/m2 is considered obese.[1] Obesity presents a risk to health, being a 
major risk factor for multiple chronic diseases. When obesity-related, metabolic comorbidities 
type 2 diabetes mellitus (T2DM), hypertension, or dyslipidemia coincide, it is referred to as 
the metabolic syndrome, one of the major epidemics of the 21st century.[2] To effectively 
and permanently reduce weight, patients with a BMI ≥40 kg/m2 are offered bariatric 
surgery. Since bariatric surgery also has a positive effect on obesity-related comorbidities, 
patients with a BMI between 35 and 40 kg/m2 having at least one comorbidity are also 
considered eligible for bariatric surgery (metabolic surgery).[3,4]

So, next to weight loss as important outcome measure of a bariatric procedure, the 
improvement of comorbidities also needs to be considered and preferably quantified.
[5] Quantifying weight loss is easy and objective using measures like total weight loss 
(%TWL).[4] However, quantifying the improvement of comorbidities is more difficult 1) 
due to lack of having clear definitions for (the severity of) comorbidities; and 2) because 
comorbidities correlate and develop gradually. Therefore, the metabolic health index 
(MHI) has been developed, which objectively assesses the metabolic health status in 
bariatric patients concerning T2DM, hypertension and dyslipidemia.[6] The MHI is a 
continuous score ranging from 1 to 6 based on a logistic regression model using age 
and biomarkers glycated hemoglobin (HbA1c), triglycerides, potassium, and estimated 
glomerular filtration rate (eGFR) as input parameters. Previously, it has been shown that 
the MHI is able to characterize subgroups with incremental number of comorbidities.[6] 

This shows the potency of the MHI as a useful tool for quantifying the impact of metabolic 
comorbidities on a patient’s health status and improvement of these comorbidities after 
bariatric surgery.

The MHI has been developed on a single-center cohort using a fully data-driven 
approach.[6] It is generally known that in data-driven models, there is a chance of 
overfitting the model on the data. Consequently, the model may perform well on the 
data which was used for building the model, but may show poor performance on new 
data. Although the model was thoroughly validated by 10-fold cross-validation, it is 
clinically relevant to validate the model on a new cohort or other institutions (external 
validation) before implementation in clinical care. Therefore, the MHI-model was 
validated using data of almost ten thousand bariatric patients distributed over multiple 
high-volume bariatric centers in the Netherlands, investigating the transferability of the 

6
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MHI model. Furthermore, focusing on the laboratory aspects of the involved biomarkers, 
potential shortcomings of the MHI that might undermine its clinical use are examined, 
like pre-analytical factors and analytical imprecision and type of laboratory instrument 
(robustness).

Materials and Methods
This retrospective multicenter study was approved by the Medical research Ethics 
Committee United (Nieuwegein, The Netherlands) and got approval of each institutional 
review board of the participating centers. The participants’ informed consent was waived 
by each institutional review board, because this study involved routinely collected 
medical data that were anonymously processed in all stages of the study.

Multicenter data collection

The original MHI model was built on data of 1595 patients who underwent primary 
gastric bypass (GBP) or sleeve gastrectomy (SG) between January 2012 and December 
2014 at the obesity center of the Catharina hospital (Eindhoven, the Netherlands).[6] In 
addition, all 17 Dutch bariatric centers active in 2018 were asked to participate in this 
study. Ten centers could not participate because the lab panel was not measured in 
the hospital where the surgery was performed. Additionally three centers could not 
participate, because HbA1c and triglycerides were only measured in patient subsets 
(eg. patients with proven diabetes or dyslipidemia). The remaining four bariatric centers 
measured all four laboratory MHI-biomarkers in their routine bariatric laboratory panel.

Patients were included when they underwent a primary GBP or SG between January 
2015 and December 2018 and were registered in the Dutch Audit for Treatment of 
Obesity (DATO) database, a nationwide quality registry.[7] Data from DATO included 
general patient information, type of surgery, weight status, and presence or absence of 
obesity-related comorbidities and are registered and owned by the surgeon. As only the 
year of birth was provided by the centers, the age at blood withdrawal was calculated, 
assuming the first of July as date of birth. The concentration of HbA1c , triglycerides, 
potassium and creatinine measured were collected by the individual laboratories of the 
hospitals. Creatinine concentration was used to derive the eGFR using the formula of 
the Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI).[8]
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Laboratory data of each individual bariatric center were merged with corresponding 
DATO data by researchers at the laboratory of Catharina hospital. Here, the same 
protocol was used as in the development of the original MHI model.[6] The laboratory 
panel that was measured closest in time to the registry in DATO was used to merge both 
data sources. Patients with incomplete data records, e.g. missing laboratory data, missing 
comorbidity label or missing date of surgery, were excluded (9%).

In this paper the patient cohort on which the MHI was built is referred to as ‘center A 
(original)’.[6] The patient cohort from the same bariatric center, but collected in a different 
time period is assigned as ‘center A (new)’. The other four datasets are randomly assigned 
as ‘centers B, C, D, and E’.

Parameter selection for the MHI model

As part of the evaluation of the robustness of the MHI, the data-driven variable selection 
of the MHI model was repeated. Here, the same algorithm was used as in building the 
original MHI model, but now applied on the data of center A (new) and center B.[6] 

Besides the four MHI-biomarkers, these two datasets contained the following additional 
parameters that were included in the modeling: hemoglobin, hematocrit, mean 
corpuscular volume (MCV), thrombocytes, sodium, calcium, ferritin, folic acid, albumin, 
alanine transaminase (ALT), glucose, total cholesterol, and high-density lipoprotein (HDL) 
cholesterol. Similar to the original model, both pre- and postoperative data records were 
included in this analysis. All analyses were performed using statistical software R version 
3.2.6 (R Foundation for Statistical Computing, Vienna, Austria).

Population-based variance

To show the contribution of the individual biomarkers to the MHI ‘a median bariatric 
patient’ was defined from all included patients (n = 11,501). This virtual ‘median bariatric 
patient’ had an age of 45 years, a concentration of HbA1c of 39 mmol/mol, an eGFR 
(CKD-EPI) of 100 ml/min/m2, a triglyceride concentration of 1.6 mmol/L and a potassium 
concentration of 4.0 mmol/L. The contribution of each parameter to the final MHI was 
calculated by multiplying these median concentration with the corresponding factors 
from the model (see Box 1). In addition, the 10th and 90th percentile of each parameter 
were calculated, i.e. age (27 and 58 years), HbA1c (33 and 57 mmol/mol), eGFR (CKD-
EPI; 76 and 120 ml/min/m2), potassium (3.7 and 4.4 mmol/L) and triglycerides (0.9 and 
3.3 mmol/L). To visualize how the population-based variance of an individual parameter 

6
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contributes to the MHI, these percentiles were used as ‘extreme values’ in the calculation 
of the MHI, while the median values of the other parameters were used.

Analytical and biological variance

Different laboratory analyzers were used by the participating laboratories. Concentrations 
of creatinine, triglycerides and potassium were obtained using either Cobas (Roche 
Diagnostics, n = 2), Architect (Abbott, n = 1), Dimension (Siemens, n = 1) or DxC (Beckman 
Coulter, n = 1) platforms. The concentration of HbA1c was measured with either Tosoh 
(Sysmex, n = 3), HA-818042 (Menarini Diagnostics, n = 1), or Cobas (Roche Diagnostics, 
n = 1) instrument. The analytical imprecision of these methods was estimated on the 
results of the 2019 national external quality assessment scheme organized by the 
SKML, the Netherlands. The analytical variation of each parameter was defined as the 
mean precision of all centers. Biological variance was assumed similar to the general 
population. Therefore, the established within-subject biological variation, as published 
by the European Federation of Laboratory Medicine, was used in our calculations.[9] The 
analytical and biological variance were combined in a total variance by taking the square 
root of the sum of squared variations.[10]

To estimate the contribution of these imprecisions to the MHI, each patient in the 
dataset was duplicated 1000 times. For each patient, the concentration of one of the five 
variables was then simulated over these 1000 duplicates, covering the normal distribution 
of the variable around the original concentration with a standard deviation similar to 
the total variance. The MHI was than calculated for all 1000 duplicates, resulting in a 
standard deviation in MHI for that patient. The average of all these individual standard 
deviations was considered as the variance in MHI due to analytical and biological variance 
of that specific variable. This was repeated for all five MHI-variables, resulting in five 
individual contributions of variance of the input variables to the imprecision of the MHI. 
The cumulative MHI variation (the combined effect of analytical and biological variance 
of all five parameters on the MHI) was calculated by taking the square root of the sum of 
squared variations of all parameters. This calculation was verified by running simulations 
where for each input parameter simulated values were used (n = 1000).
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Box 1. Mathematical details of the MHI model.

The linear predictor and its regression coefficients of the MHI model are: 

The result of this calculation is transformed using the logit function as part of the 
logistic regression model: = the chance of having comorbidities.

To enhance the clinical implementation and intuitive interpretation, the output of 
the logistic regression model is mathematically transformed into a continuous score, 
ranging from 1 to 6:
if p ≤0.05   : MHI = 1
else if p >0.05 and p ≤0.2 : MHI = (2/3) + (1/0.15)*p
else if p >0.2 and p ≤0.8 : MHI = 1 + 5*p
else if p >0.8 and p ≤0.95 : MHI = (-1/3) + (1/0.15)*p
else p >0.95  : MHI = 6

Model performance

The performance of the MHI model was assessed in terms of calibration and 
discrimination. As the MHI model is a logistic regression model, the output is a 
probability (which is transformed into a continuous score, see Box 1). The proportion 
of agreement between the predicted probability by the MHI model and the actual 
frequency of comorbidity is plotted in a calibration curve.[11,12] The calibration plots were 
generated using the RMS package for standard statistical software R version 3.2.6.[21,22] 
The discriminative power of the MHI model in each independent dataset was assessed 
using the area under the receiver operating characteristic (ROC) curve (AUC). The AUC 
was reported as mean AUC with 95%-confidence interval. This confidence interval 
was calculated using the DeLong method of the pROC package, providing a confidence 
interval and standard error of the difference between multiple correlated AUCs.[13]

6
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Results
Population characteristics

A total of 11,501 unique patient records of screening data are obtained from five 
independent bariatric centers. Population characteristics are summarized in Table 1. 
Comparing the centers reveals three differences. 1) In centers C, D, and E GBP was the 
preferred surgical procedure, while the other centers have almost equal distribution. 2) 
In center E about 50% more diabetes patients are registered. The median concentration 
of HbA1c, however, is similar to the other cohorts. 3) In center D almost twice as many 
patients were registered with dyslipidemia compared to the other cohorts, while the 
median triglyceride concentration is lower. This discrepancy might be due to successful 
treatment of dyslipidemia. However, the proportion of pharmacological/drug treatment 
is similar and regional differences of this magnitude are unlikely (data not shown).

Robustness

MHI parameter selection
The data-driven selection of variables for the MHI model using datasets of center A (new) 
and center B resulted in the same top five of relevant parameters, i.e. age, eGFR and 
concentrations of HbA1c, triglycerides, potassium. This is an indication that the data-
driven selection of input variables for the MHI model is center-independent.

MHI variability
The contribution of the five parameters to MHI is visualized for a median bariatric 
patient (Figure 1). Proportionally, the concentration of HbA1c contributes most to the 
MHI (33%). Surprisingly, the second largest contributor is potassium (28%). However, 
potassium concentration is tightly controlled and therefore the population variability 
is limited. This population variability is represented in figure 1 as bars (10th and 90th 
percentile). As HbA1c and age have the longest bars, their variability is the major driver 
in the variability of the MHI. Potassium and CKD-EPI, on the other hand, have the lowest 
population variability and have therefore less impact on the population variability in MHI. 
For example, 12% of the variability in MHI could be explained by the HbA1c, while only 
4% could be explained by variability in potassium.
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Table 1. Baseline population characteristics. Overview of baseline population characteristics of 
the six included datasets. The numeric results are reported as median [95% CI]. *results reported 
as median [10th percentile, 90th percentile]. Body mass index (BMI), Roux-en-Y gastric bypass (GBP), 
sleeve gastrectomy (SG), type 2 diabetes (T2DM).

Center A 
(original)

Center A 
(new)

Center B Center C Center D Center E

N 1595 2646 2828 1498 1777 1157
Female (%) 79% 77% 80% 78% 78% 77%
Age (years) 43 [21-62] 46 [22-64] 44 [21-63] 44 [23-63] 44 [21-64] 47 [23-64]
Weight (kg) 124 [94-175] 120 [92-165] 120 [94-166] 121 [95-170] 116 [91-163] 126 [97-176]
BMI (kg/m2) 42.8 [36-59] 41.8 [35-56] 42.1 [36-55] 41.5 [35-55] 40.5 [35-53] 42.6 [36-56]
GBP (%) 48% 36% 56% 95% 88% 92%
SG (%) 52% 64% 44% 5% 12% 8%
T2DM (%) 18% 17% 17% 15% 16% 25%
Hypertension 34% 34% 30% 29% 31% 42%
Dyslipidemia 18% 21% 15% 12% 36% 21%
No 
comorbidities

57% 54% 60% 63% 44% 48%

One 
comorbidity

24% 26% 24% 22% 35% 26%

Multiple 
comorbidities

20% 24% 16% 15% 21% 26%

HbA1c 
(mmol/mol)

39 [32-79] 38 [30-77] 39 [31-78] 38 [30-80] 38 [30-75] 38 [29-83]

Triglycerides 
(mmol/L)

1.7 [0.7-5.1] 1.6 [0.7-5.0] 1.7 [0.7-5.3] 1.7 [0.6-5.3] 1.5 [0.6-4.3] 1.8 [0.7-4.9]

Potassium 
(mmol/L)

4.0 [3.5-4.5] 4.0 [3.5-4.5] 4.0 [3.4-4.6] 4.2 [3.6-4.8] 4.0 [3.4-4.8] 4.2 [3.5-4.9]

eGFR (CKD-
EPI) (ml/
min/1.73m2)

104 [63-130] 99 [62-127] 99 [62-128] 102 [62-130] 99 [58-130] 99 [59-127]

MHI* 2.7 [1.3, 5.7] 2.8 [1.3, 5.6] 2.8 [1.2, 5.6] 2.5 [1.1, 5.6] 2.5 [1.1, 5.2] 2.8 [1.3, 5.8]

6
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Figure 1. Graphical representation of the contribution of each MHI-parameter to the MHI. The 
percentile contribution of each parameter are shown in white. The bars represent the feature 
variability, when only one variable was changed to the 10th or 90th percentile. The corresponding 
percentile ranges of the MHI are shown in black.

Based on the 2019 external quality assessment scheme of the participating centers, the 
analytical imprecision varied between the different laboratories, i.e. 2.0 – 2.7% (minimum 
– maximum) for HbA1c, 1.9 – 2.9% for creatinine, 2.4 – 3.4% for triglycerides, and 0.8 
– 1.3% for potassium. The analytical variation per parameter is defined as the mean 
imprecision over all centers (Table 2).

Table 2. Overview of the effect of biological and analytical variation and its effect on the MHI. 
*For eGFR(CDK-EPI) the variations of creatinine itself were used.

Biological 
variation
%

Analytical 
variation
%

Total
Variation
%

MHI variation

HbA1c 1.2 2.0 2.3 0.07

Triglycerides 19.8 3.4 20.1 0.14

eGFR (CKD-EPI)* 4.5 2.0 4.9 0.04

Potassium 4.1 1.1 4.2 0.12

Age 0.0 1.2 1.2 0.03

Total 0.21
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Although HbA1c has the largest impact on the MHI (33%; Figure 1), its cumulative effect 
of biological and analytical variance (2.3%) on the MHI is limited, i.e. 0.07 MHI points. 
On the contrary, due to fasting or non-fasting state, triglycerides have a relative large 
biological variation (19.8%). However, due to the moderate contribution of this biomarker 
to the MHI, the variance in MHI due to triglycerides is only 0.14 MHI points, although the 
largest of all five parameters. Since age is exactly known, its analytical variation is zero 
by definition. However, for privacy reasons only the year of birth was collected, which 
results in an average uncertainty of 0.5 years and corresponds to an analytical variance 
of 1.2% (Table 2). Despite the considerable contribution in the calculation of the MHI, the 
variability in MHI due to age is only 0.03 MHI points, the smallest of all five parameters. 
The cumulative variance in MHI due to both biological and analytical variance of all input 
parameters combined is 0.21 MHI points (Table 2).

Transferability

MHI model performance
As the chance of having comorbidities is the unlinearized version of the MHI (see Box 
1), one way to validate the MHI is to compare this predicted chance with the actual 
prevalence of comorbidities. The predicted chance for comorbidities is plotted against 
the actual prevalence for comorbidities. These so-called calibration plots have been 
developed to determine whether center-specific calibrations are needed. If calibration 
would be perfect, this would give a straight, diagonal line with a slope of 1 and intercept 
of 0. In our analysis, these lines are represented as green zones, as the analytical 
imprecision of MHI (mean ± 2SD) has been taken into account.

Table 3. Surrogate definitions of comorbidity. The number and percentage of discordant 
diagnoses between the registered comorbidity in DATO and the surrogate definition for 
dyslipidemia (no dyslipidemia if triglycerides ≤1.7 mmol/L; dyslipidemia if triglycerides ≥7.0 
mmol/L) and diabetes (T2DM if HbA1c ≥60 mmol/mol) are given for each bariatric center.

Center A 
(original)

Center 
A (new)

Center 
B

Center 
C

Center 
D

Center E

No dyslipidemia (n)
(triglycerides ≤1.7 mmol/L)

20
 1%

53
2%

32
1%

14
<1%

178
10%

9
<1%

Dyslipidemia (n)
(triglycerides ≥7.0 mmol/L)

1
<1%

3
<1%

9
<1%

8
<1%

4
<1%

0
0%

T2DM (n)
(HbA1c ≥60 mmol/mol)

7
<1%

8
<1%

15
<1%

15
1%

3
<1%

0
0%
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Figure 2. Calibration plots. The black solid line denotes the calibration curve using the original, 
raw data. The dashed black line is the calibration curve after applying the surrogate definitions 
for comorbidity. The grey diagonal line denotes perfect calibration. The green area represents 
a confidence interval of 0.4 MHI points. The distribution of calculated predicted probabilities is 
overlaid along the horizontal axis.
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For center A (original), center A (new) and center B the calibration curves are within 
the green zone and therefore considered as good calibration. The calibration plots 
of center C and to lesser extend also of center B, show a diverging calibration curve 
in the high extremes, i.e. observed frequencies from 0.8 to 1.0 (Figure 2, solid lines). 
This indicates that for higher MHI’s the prevalence of comorbidity is lower than the 
chance of comorbidity predicted by the MHI model. This is speculated to be due to 
underregistration of comorbidities. An example of underregistration of comorbidity is 
that patients having a concentration of HbA1c ≥60 mmol/mol were registered in DATO 
as not having T2DM, while a concentration ≥48 mmol/mol is used as cut-off to diagnose 
T2DM.[14] Similarly, patients with a concentration of triglycerides ≥7.0 mmol/L were not 
registered in DATO as having dyslipidemia. Although the number of patients for whom the 
label of comorbidity changed using surrogate definitions is limited (Table 3), it results in a 
calibration curve that now aligns within the analytical error zone (Figure 2, dashed lines).

The calibration plots of centers D and E show an opposite phenomenon, where the 
calibration curve lies above the ideal calibration line (Figure 2, solid lines). This indicates 
that the prevalence of comorbidity in these centers is higher than the change of 
comorbidities predicted by the MHI model. Already, a higher prevalence of dyslipidemia 
was noticed in center D compared to the other cohorts, while the median triglyceride 
concentration is lower (Table 1). This discrepancy might be due to successful treatment 
of dyslipidemia, however, the prescription of medication, as registered in DATO, was 
similar in the other cohorts (data not shown). Since the assignment of the diagnosis 
“dyslipidemia” has a considerable subjective component, variations in applied definitions 
are thought to most likely cause this difference in prevalence. Therefore, an alternative 
but objective definition for dyslipidemia that could be applied to all cohorts was searched 
for. Limited by the parameters in the dataset, the best surrogate definition of the lower 
cut-off for dyslipidemia was a triglyceride concentration ≥1.7 mmol/L. This cut-off was 
chosen so that the prevalence of dyslipidemia in center D was equal to the other centers. 
This surrogate definition agreed in almost 99% of the patients with the diagnosis given 
by the physician, since only 1-2% of the diagnoses changed applying the surrogate 
definition (Table 3). However, center D was an exception, since 10% of the patients were 
reclassified. Through this reclassification, the calibration curve of center D shifts towards 
the ideal curve, showing improved calibration (Figure 2, dashed line). Furthermore, when 
a sub-analysis was performed on all patients of center D without dyslipidemia (64% of 
the total number of patients), the calibration curve is perfectly linear (data not shown), 
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indicating strongly that the definition of dyslipidemia in center D does not fully align  
with the other centers.

Nevertheless, examination of the discriminative performance of the MHI model 
on the different corrected datasets showed overlapping ROC curves (Figure 3). The 
corresponding AUCs ranged from 0.84 to 0.86, which indicates consistent discriminative 
power to describe comorbidities of the MHI model over all patient cohorts. The ROC 
curves of both centers D and E show equally good discriminative performance on the 
presence of comorbidity compared to the other centers. So, despite the observations 
in the calibration plots, the MHI model performs equally well in all centers, supporting 
the finding that the MHI model does not need to be calibrated before it can be applied 
in other centers.

Figure 3. Receiver operating characteristic (ROC) curve of MHI model applied on five indepen-
dent patient cohorts. Visual assessment of discrimination of all individual cohorts after correction 
for dyslipidemia using receiver operating characteristic (ROC) curves. The grey solid line is shown 
for reference and denotes a model with lowest possible discrimination (AUC 0.50). AUC per center 
[95%-confidence interval].
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Discussion
The MHI is the first fully objective measure that is based on laboratory biomarkers 
to describe the severity of metabolic comorbidities T2DM, hypertension, and 
dyslipidemia in bariatric patients.[6] However, among the underlying biomarkers of the 
MHI, only potassium and creatinine (used for estimating of eGFR) are recommended 
by (inter)national guidelines to monitor prior and after bariatric surgery in all patients. 
Additionally, it makes sense to measure HbA1c and triglycerides in case of (suspected) 
diabetes or dyslipidemia, respectively. However, to assess the metabolic comorbidities 
it is required that all four biomarkers are measured. Unfortunately, this was not the 
case postoperatively in three centers that consequently could not participate in this 
validation study (center 3-5). Conversely, our recommendation is to measure also HbA1c 
and triglycerides for all bariatric patients, since the development and improvements of 
comorbidities are gradual and not binary. In a preliminary analysis in our hospital, for 
example, it was observed that even in non-diabetic patients the HbA1c improved after 
surgery.[15,16]

Next to a complete MHI-biomarker panel, another requirement to participate in this 
study was the possibility to merge the clinical data registered in DATO with the laboratory 
data. In ten bariatric centers this was not possible since the laboratory data and the DATO 
database were not owned by the same organization. Nevertheless, the five high-volume 
centers included in this study, carry out 35% of the bariatric surgeries in the Netherlands.[17] 
Therefore, the population included in this study is assumed to be representative for all 
bariatric surgeries nationwide. Moreover, as bariatric surgery in the Netherlands fully 
adheres to European and American guidelines, our study is probably also representative 
for bariatric surgery in general.

The imprecision in MHI due to the effect of biological and analytical variance in MHI-
biomarkers, only translated in a variance of 0.21 MHI points. As each additional metabolic 
comorbidity grossly corresponds to an increase in MHI of 1 point [18], there is no need to 
adjust the MHI for analytical platform or for bariatric center. Moreover, the similarity in 
the range of distribution of each biomarker over the different datasets and the absence 
of significant differences between the different laboratory platforms in the results 
of the national external quality assessments indicate that there is no significant bias 
due to differences in the method of measurement (‘method bias’). With this assumed 
harmonization of the MHI-biomarkers over the different laboratories, there is no need 
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to calibrate the measured concentrations before transferring the MHI model to another 
institution.

Because the MHI is based on objective parameters, it is insensitive to diverging clinical 
definitions of comorbidities. In addition, the implementation of the MHI can reduce the 
overall registration time and avoid misregistrations. For example, DATO is associated 
with a substantial administrative burden and associated increased risk of errors. This 
was already posed as a limitation of this national registry.[7] The way in which data are 
registered in DATO determines its data quality and the resulting conclusions. Despite 
clinical guidelines, the identification of comorbidities and their severity is subjective, 
especially when multiple comorbidities coexist.[19] Although center-dependent definitions 
might be applied, leading to increased prevalence of dyslipidemia as in center D, our 
study shows that the metabolic health burden as assed by the MHI is similar in all centers. 
The ability of the MHI to ‘detect’ under- and overregistration of comorbidity in the DATO 
registry highlights the added value of the objective nature of the MHI.

Without the need for calibration of the MHI model, the MHI can be universally 
implemented in routine clinical care. Of course, it is a prerequisite that all four MHI-
biomarkers are measured. Therefore, each bariatric center and general practitioners, 
who perform life-long follow-up [20], should be encouraged to routinely measure all 
MHI-parameters, both pre- and postoperatively. Including these biomarkers in the 
routine laboratory panel should be a minimal additional ‘burden’, since assessment of 
biomarker levels is already incorporated in standard treatment procedures. Furthermore, 
the costs of bariatric surgery or treatment of metabolic comorbidities easily outweigh 
the additional costs of doing these additional laboratory measurements. In addition, 
the MHI model is easy to implement in the laboratory information system, whereby 
the MHI is simultaneously reported with the routine laboratory results. To validate the 
true additional value of the MHI in clinical practice, like assessment of the success of 
bariatric surgery, prospective studies are needed, where even new patient groups might 
be identified that benefit from bariatric surgery.

In conclusion, the external validation of the MHI model showed that calibration of 
the model is not needed in transferring the MHI model to other bariatric centers. 
Additionally, the MHI is robust and has a relative small imprecision. Therefore, the MHI 
is considered suitable for implementation in evidence-based clinical care, regardless of 
patient mix, institution, or laboratory platforms. Because the MHI is based on objective 
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parameters, i.e. age and laboratory results, it is insensitive to diverging clinical definitions 
of comorbidities. This allows the MHI to be an important contribution to the objective 
assessment of metabolic comorbidities in bariatric patients.
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Abstract
Background

Metabolic syndrome is a modern world’s major health hazard, increasing the risk of 
comorbidities like type 2 diabetes and cardiovascular disease. Bariatric surgery lowers 
this risk, but two dilemmas are 1) which patients are eligible for surgery when BMI <35 
kg/m2? and 2) how to measure outcome objectively? The metabolic health index (MHI) 
represents the cumulative impact of the metabolic syndrome on health. The benefit 
of the MHI at the individual patient level is explored, both as eligibility criterion and 
outcome measure.

Methods

Retrospective laboratory and national bariatric quality registry data were collected of 
five Dutch bariatric centers (11,501 patients). Alternative MHI models were built and 
compared with the original MHI model to investigate generalizability and discriminative 
ability in metabolic health improvement.

Results

Measured by the MHI, both quantification and change over time of metabolic health 
burden are independent of the dataset used. A MHI cut-off value of 2.8 is derived to 
discriminate categories of metabolic health burden. Patients with MHI >2.8 before surgery 
improved significantly more in MHI 12 months after surgery compared to patients with 
MHI ≤2.8, respectively 1.1 and 0.4 MHI points (p <0.001), independent of both BMI and 
registered comorbidities before surgery.

Conclusions

The MHI is robust and reliable. It senses metabolic improvement over time, making it 
suitable as individual outcome measure. With the derived cut-off value, the MHI helps 
in discriminating metabolically ‘healthy’ and ‘unhealthy’ patients with obesity. The 
MHI hereby demonstrates its potential added value as BMI-independent instrument in 
support of the decision for bariatric surgery.
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Introduction
The metabolic syndrome (MetS), also known as syndrome X, is a pathological condition 
characterized by abdominal obesity and metabolic risk factors, i.e. insulin resistance, 
hypertension, and dyslipidemia [1–5]. The estimates of the prevalence of MetS vary, 
based on the criteria used for the definition of MetS. Although MetS is not diagnosed 
objectively, the global prevalence is estimated to be one quarter of the world population 
and probably will rise dramatically in the near future [4–8]. MetS can thus be considered as 
a major health hazard of the modern world resulting in comorbidities like type 2 diabetes 
(T2D) and cardiovascular disease (CVD) [3,9].

Weight loss in patients with obesity substantially improves all components of MetS and 
can thereby prevent the development of T2D and CVD [3,10–13]. Bariatric surgery offers an 
effective treatment to reduce weight for those with a body mass index (BMI) ≥40 kg/m2. 
Next to inducing loss of excess weight, the aim of bariatric surgery is to lower the risk 
on MetS and related comorbidities [14]. The direct metabolic effect of bariatric surgery 
on comorbidities is often already observed before substantial weight loss is obtained. 
Therefore, patients with a BMI between 35 and 40 kg/m2 and at least one obesity-related 
comorbidity are also eligible for bariatric surgery [14–16]. Furthermore, there is a trend to 
include patients with uncontrollable T2D and BMI above 30 kg/m2 [6,12]. In these cases, 
it is also referred to as metabolic surgery. However, the degree to which MetS is in 
development or already clinically manifest is hard to measure objectively [6]. This makes 
it difficult to determine objectively who is eligible for this type of surgery.

The dilemmas in clinical practice are thus to decide which patients having a BMI above 
35 kg/m2, or even above 30 kg/m2, are eligible for bariatric surgery, and how to measure 
the outcome of the procedure objectively. When the aim is to prevent T2D and CVD, BMI 
cut-offs are of limited use in the assessment of outcome after surgery [10,14,15]. Despite 
applicable clinical guidelines, the identification of comorbidities and their severity is very 
subjective, especially when multiple comorbidities coexist [17]. For example, we know 
from our own research that the prevalence of dyslipidemia differs between hospitals by 
a factor of three due to differences in applied cut-off limits (ranging from 12% to 36%, 
unpublished results). Also, existing comorbidities can already be treated successfully in 
other ways, masking their severity. One may assume, for example, that a diabetic patient 
whose glucose management is inadequate will benefit more from bariatric surgery 
than a well-treated diabetic patient will. Moreover, cardiovascular diseases and T2D are 
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not independent of each other, they interact, so their cumulative impact needs to be 
quantified to assess their overall impact on metabolic health.

In an effort to meet these given clinical needs we developed the metabolic health index 
(MHI) [18]. The MHI is a continuous score that summarizes the cumulative impact of 
the metabolic comorbidities T2D, dyslipidemia and hypertension, and thereby reflects 
the continuum of the metabolic syndrome. The calculation of the MHI is based on a 
logistic regression model using age and biomarkers glycated hemoglobin (HbA1c), 
triglycerides, potassium, and estimated glomerular filtration rate (eGFR) as input 
parameters. Therefore, the MHI is easily retrieved and simultaneously reported with 
routine laboratory results. To make the interpretation of the MHI more intuitive, the 
output of the logistic regression model is mathematically transformed into a continuous 
score, ranging from 1 to 6 (see Box 1 in chapter 6).

The potential of the MHI to serve as an institutional outcome measure for bariatric 
surgery has been discussed before [18]. In the current study we explore the added value 
of the MHI for the individual patient. We investigate two possible benefits of the MHI 
for the individual patient: 1) its added value as decision support tool in determining the 
eligibility for bariatric surgery, and 2) the MHI as individual outcome measure of the 
intervention. As quality and diagnostic instruments should not only be cross-validated 
on the original dataset, we will also show evidence that the MHI performs well regardless 
of the dataset that has been used to build the model.

Materials and Methods
Multicenter data collection

To avoid inclusion bias, it is essential that all biomarkers underlying the MHI, are routinely 
measured for all patients, regardless the presence of metabolic comorbidities. The 
laboratory MHI-biomarkers include HbA1c, triglycerides, potassium and creatinine, of 
which the latter is used to derive the eGFR using the formula of the Chronic Kidney 
Disease Epidemiology Collaboration (CKD-EPI) [19]. In The Netherlands there currently 
are five bariatric centers that have the MHI-biomarkers included in their routine pre-
surgical laboratory panel. Two of these five centers also have the MHI-biomarkers in 
their post-surgery laboratory panel (centers A and B). All five centers participated in our 
retrospective multicenter database study.
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The study was approved by the Medical research Ethics Committee United (registration 
number W18.197) and got additional approval of each of the participating institutions’ 
review board. The informed consent requirement of the participants was waived because 
this study involved routinely collected medical data that were managed anonymously 
at all stages of the study.

Patients were included if either primary gastric bypass (RYGB) or sleeve gastrectomy 
(SG) was performed between January 2015 and December 2018. Laboratory data were 
collected by the individual laboratories of the hospitals. Data with respect to patient 
characteristics, type of surgery, comorbidities and treatment were obtained from the 
Dutch Audit for Treatment of Obesity (DATO), a nationwide quality registry [20]. The 
degree of comorbidities as was scored in DATO, was considered gold standard. The 
unidentified datasets were preprocessed and merged by researchers at the laboratory 
of the Catharina hospital. Here, the same protocol was used as in the development of 
the MHI model [18].

Patient records with incomplete input data for calculation of the MHI, e.g. no potassium 
measured because the sample was hemolytic, or records without health status data from 
DATO prior to surgery (i.e. at screening) were excluded (<10% of the included patient 
records). When a patient had multiple laboratory records, the record closest to the date 
of screening or date of follow-up was selected. After completing the preprocessing of 
the data, an exploratory data analysis was performed to compare patient characteristics 
of the different bariatric centers.

Multicenter MHI model

To investigate the independence of the MHI from the dataset that was used to build 
the MHI model, the degree of variation in MHI results between different centers 
was investigated. This variation should not exceed the sensitivity of the MHI to pick 
up metabolic comorbidities. Therefore, the fitting of the MHI model was repeated on 
pre-surgical data of all five independent bariatric centers and on all pre-surgical data 
combined. Likewise, new MHI models were fit using both pre- and post-surgical data of 
the two centers where also an extensive laboratory panel was implemented at 12 months 
after surgery. Here, the same model fitting procedure was used as in the development 
of the original MHI model [18].

7
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MHI cut-off value

Since having at least one comorbidity is an independent eligibility criterion for bariatric 
surgery, the corresponding optimal MHI cut-off was calculated. This MHI cut-off value 
was derived from the receiver operator characteristic (ROC)-curve and determined as 
the MHI value that lies on the intersection of the ROC-curve and the anti-diagonal line, 
representing equal sensitivity and specificity.

Statistical software R version 3.6.2 was used for data processing and model building [21]. 
The two-sided Wilcoxon rank sum test was used to compare characteristics between 
different patients groups. Results with a p-value <0.05 were considered statistical 
significant.

Results
Multicenter validation

Laboratory and DATO data from five independent bariatric centers were processed, 
resulting in 11,501 unique patient records of screening data (Table 1 and Table 1 of 
chapter 6). Using the different MHI models to calculate the MHI for each patient in the 
total dataset, results in overall mean MHI scores of 2.4, 3.6, 4.7 and 5.5 for comorbidity 
categories none, one, two and three metabolic comorbidities, respectively (Figure 1). 
The within-category standard deviation (SD) of the MHI means is 0.2 MHI points and 
is equal for each category. The difference in MHI between categories of comorbidity 
is thus larger than the within-category variation. This means that the MHI is able to 
discriminate different categories of metabolic health burden. In addition, the linear 
trend in between-category variation is similar for each model. This shows that the 
quantification of metabolic health burden by the MHI is independent of the dataset 
that is used to derive the MHI model.

MHI as individual outcome measure

Follow-up data with a complete panel of MHI-biomarkers at 12 months after surgery 
were available for 3898 of the 7069 patients in the combined dataset of centers A and 
B (55%; Table 1). The effect of bariatric surgery, reflected in both the percentage total 
weight loss (%TWL) and the change in the proportion of patients with ≥1 metabolic 
comorbidity, is similar for the different datasets. The resolution of metabolic comorbidity 
is also reflected in a 0.6 to 0.7 decrease in median MHI (= MHI change, calculated as MHI 
at screening minus MHI in follow-up).
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Table 1. Population characteristics. Overview of population characteristics of bariatric centers 
A and B, both at baseline (BL) and at 12 months post-surgery (12M). The dataset that is originally 
used to develop the MHI is also included and referred to as ‘Center A (original)’. Results given 
as median [2.5th percentile, 97.5th percentile]. * results given as median [10th percentile, 90th 

percentile]. Body mass index (BMI), Roux-en-Y gastric bypass (GBP), sleeve gastrectomy (SG), type 
2 diabetes (T2DM), total weight loss (TWL).

Center A (original) Center A (new) Center B

BL 12M BL 12M BL 12M

N 1595 1019 2646 1365 2828 1514

Female 79% 81% 77% 78% 80% 81%

Age (years) 43 [21, 62] 44 [22, 63] 46 [22, 64] 48 [23, 65] 44 [21, 63] 46 [23, 63]

Weight (kg) 124 
[94, 175]

82 
[58, 121]

120 
[92, 165]

81 
[59, 117]

120 
[94, 166]

81 
[58, 120]

BMI (kg/m2) 42.8 
[35.8, 58.6]

28.6 
[22.0, 40.5]

41.8 
[35.3, 55.9]

28.4 
[21.9, 40.1]

42.1 
[35.7, 54.9]

28.5 
[21.8, 38.7]

GBP 48% 48% 36% 36% 56% 60%

SG 52% 52% 64% 64% 44% 40%

T2DM 18% 8% 17% 5% 17% 7%

Hypertension 34% 19% 34% 13% 30% 15%

Dyslipidemia 18% 10% 21% 14% 15% 8%

Having ≥1 
comorbidity

43% 25% 46% 24% 40% 22%

HbA1c 
(mmol/mol)

39 [32, 79] 35 [29, 54] 38 [30, 77] 34 [28, 51] 39 [31, 78] 35 [28, 53]

Triglycerides 
(mmol/L)

1.7 
[0.7, 5.1]

1.0 
[0.5, 2.8]

1.6 
[0.7, 5.0]

1.1 
[0.5, 2.8]

1.7 
[0.7, 5.3]

1.0 
[0.5, 2.6]

Potassium 
(mmol/L)

4.0 
[3.5, 4.5]

4.0 
[3.5, 4.7]

4.0 
[3.5, 4.5]

4.1 
[3.5, 4.6]

4.0 
[3.4, 4.6]

4.0 
[3.3, 4.7]

Creatinine 
(mmol/L)

65 
[46, 100]

65 
[47, 96]

68 
[47, 103]

66 
[48, 95]

68 
[48, 104]

66 
[53, 95]

CKD-EPI (ml/
min/1.73m2)

104 
[63, 130]

102 
[67, 127]

99 
[62, 127]

100 [66, 
126]

99 
[62, 128]

100 
[65, 124]

MHI* 2.7 
[1.3, 5.7]

2.0 
[1.0, 3.7]

2.8 
[1.3, 5.6]

2.1 
[1.1, 3.8]

2.8 
[1.2, 5.6]

2.2 
[1.1, 3.8]

%TWL 33 [19, 47] 32 [16, 46] 33 [18, 47]

MHI change 0.6 
[-0.2, 3.4]

0.7 
[-0.2, 3.1]

0.6 
[-0.3, 3.2]

7



136

Chapter 7

Figure 1. Comparison of mean MHI over number of comorbidities. Six ‘alternative’ MHI models 
are fitted on the data of five independent bariatric centers, both individually (centers A through E) 
and all combined (all). Characteristics of the datasets are given in Table 1 and Table 1 of chapter 
6. For each model mean MHI is plotted against the number of metabolic comorbidities according 
to DATO (i.e. type 2 diabetes, hypertension, dyslipidemia), using data of all patients (n=11,501).

Figure 2. Comparison of mean MHI before and after surgery. Three ‘alternative’ MHI models are 
fitted on two datasets with both pre- and postsurgical data, both individually (centers A (new) and 
B) as all combined (all). The resulting three models together with the original MHI model (model), 
were used to calculate mean MHI before (pre) and 12 months after surgery (post) and plotted for 
each bariatric center (individual symbols). For each dataset, the evolution of mean MHI in patients 
with metabolic comorbidities (i.e. type 2 diabetes mellitus, hypertension, dyslipidemia) is shown 
(solid lines) next to those without metabolic comorbidities (dashed lines).
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As shown in Figure 2, this change in MHI is independent of the dataset that is used to fit 
the MHI model. The difference in overall mean MHI before and after surgery was 0.7 MHI 
points. Patients with registered metabolic comorbidities prior to surgery (n = 3049) have 
a difference in mean MHI before and after surgery of 1.1 compared to 0.5 in patients 
without registered comorbidities (n = 4020). Furthermore, the within-group SD is 0.1 
MHI points, both before and after surgery, and is thus smaller than the between-group 
variation. This means that the MHI is able to discriminate metabolic health states at pre- 
and post-surgery and is thus able to quantify the effect of treatment. This also shows that 
the quantification of improvement in metabolic health burden by the MHI is independent 
of the dataset that is used to derive the MHI model.

MHI and clinical data in DATO

Having shown the development of the MHI is independent of the data used, we move to 
applying the MHI as a supportive tool in the clinical decision making, i.e. which patients 
are eligible for bariatric surgery. As shown in Figure 3, a MHI of 2.8 is the optimal cut-
off value to discriminate between absence and presence of at least one metabolic 
comorbidity. This threshold is compared with the presence of metabolic comorbidities 
according to the DATO rating in patients with BMI between 35 and 40 kg/m2 (n = 786; 
Tables 2 and 3). We focus on this patient category as for these patients eligibility for 
bariatric (or metabolic) surgery is dependent on the presence of metabolic comorbidity.

Figure 3. Receiver operating characteristic (ROC)-curve for presence of metabolic comorbid-
ity. The ROC-curve displays the relation between the sensitivity and specificity in discriminating 
patients (n = 11,501) with or without metabolic comorbidities (i.e. type 2 diabetes mellitus, hy-
pertension, dyslipidemia) based on the MHI. Area under the ROC-curve (AUC) is 0.83. The optimal 
MHI threshold value of 2.8 lies on the anti-diagonal line y = 1 – x (dashed line).
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Table 2. Cross table MHI and DATO. The classification having metabolic comorbidities (i.e. type 2 
diabetes mellitus, hypertension, dyslipidemia; MC) according to the registration in DATO (+ or –) of 
patients with BMI between 35 and 40 kg/m2 in datasets of centers A (new) and B. DATO registries 
are compared with the classification based on the MHI cut-off value of 2.8.

DATO– DATO+ Total

MHI ≤2.8 210 92 (12%) 302 (38%)

MHI >2.8 107 (14%) 377 484 (62%)

Total 317 (40%) 469 (60%) 786

Table 3. Outcome of patient subgroups. Different outcome measures of bariatric surgery are 
shown for each of the four groups that resulted from cross-classification according to metabolic 
comorbidity in DATO (+ or –) and MHI (Table 2). Results are shown for patients with a BMI between 
35 and 40 kg/m2 (n = 786).  Results are given as median [2.5th percentile, 97.5th percentile]. Number 
(N), body mass index (BMI), percentage total weight loss (%TWL), metabolic health index (MHI), 
twelve months after surgery (12M).

≤2.8 & DATO– ≤2.8 & DATO+ >2.8 & DATO– >2.8 & DATO+

N 210 92 107 377

BMI at screening 
(kg/m2)

38.9 [35.1, 40.0] 37.4 [34.9, 39.9] 37.9 [35.3, 39.9] 37.9 [34.2, 39.9]

%TWL 33.8 [19.0, 44.9] 31.8 [15.8, 42.6] 31.6 [15.2, 45.9] 29.1 [15.6, 42.8]

MHI at screening 1.9 [1.0, 2.8] 2.4 [1.1, 2.8] 3.7 [2.9, 5.9] 4.6 [2.9, 6.0]

MHI change at 12M 0.3 [-0.5, 1.1] 0.4 [-0.5, 1.4] 1.0 [-0.1, 3.2] 1.2 [-0.1, 3.8]

In 75% of the cases, the distinction based on the MHI is consistent with the registration 
in DATO quality registry, i.e. groups ≤2.8 & DATO– and >2.8 & DATO+ (Table 2). Of course, 
the other two groups are more interesting because there is no conformity between MHI 
and DATO. Twelve percent of the patients are registered in DATO as having metabolic 
comorbidity while the MHI is ≤2.8 (≤2.8 & DATO+). This group mainly includes patients 
with only a single metabolic comorbidity (89%) and where 41% of the patients already 
received medical treatment for their comorbidity. The other interesting subgroup, i.e. 
having no metabolic comorbidities according to DATO but with MHI >2.8 (>2.8 & DATO–), 
comprises 14% of the cases. We will focus on these groups in more detail in the next 
section.
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MHI as eligibility criterion

Regarding weight loss at 12 months after surgery, %TWL is considered comparable 
between the four groups as the degree of difference between the median %TWL per 
group is within the range of 10% of the observed value and, therefore, not clinically 
relevant (Table 3). However, both groups with registered metabolic comorbidities differ 
in the improvement in MHI after 12 months, i.e. in group ≤2.8 & DATO+ the MHI change is 
0.4 MHI points compared to 1.2 MHI points in group >2.8 & DATO+ (p <0.001). Strikingly, 
the change in MHI does not differ significantly between groups >2.8 & DATO– and >2.8 
& DATO+, i.e. 1.0 and 1.2 MHI points respectively (p = 0.32, Table 3). So, with respect 
to the improvement in MHI at 12 months after surgery, the group without registered 
metabolic comorbidities but with MHI >2.8 resembles the group with similar MHI more 
than the group with similar DATO registry. In addition, a similar pattern is observed in the 
group with MHI ≤2.8. Here, the absolute MHI change of the groups ≤2.8 & DATO– and 
≤2.8 & DATO+ is less than in the other groups, i.e. 0.3 and 0.4 MHI points respectively 
(p <0.01, Table 3).

These patterns are similar when patients with BMI ≥40 kg/m2 are considered (n = 2093). 
Although overall median %TWL is slightly higher in patients with BMI ≥40 kg/m2 compared 
to BMI 35-40 kg/m2, i.e. 32.9% and 30.8% respectively (p <0.001), the observed pattern 
in MHI change is similar for both patient groups. In groups ≤2.8 & DATO– and ≤2.8 & 
DATO+ MHI change after 12 months is 0.3 and 0.5 MHI points respectively, and in groups 
>2.8 & DATO– and >2.8 & DATO+ 1.1 and 1.2 MHI points respectively. This shows that 
improvement in metabolic health state as measured by the MHI is independent of BMI 
before surgery.

Discussion
There is little consensus on the definition of metabolic health in current literature [3]. Next 
to the absence of a proper measure to objectively quantify improvement in metabolic 
health state, there is currently too much focus on BMI with respect to eligibility and 
outcome of bariatric surgery [22,23]. However, accurately classifying the risk of developing 
metabolic syndrome may justify selective preventive action through bariatric surgery in 
high-risk individuals [6,12]. In a previous publication we have already shown the potential of 
the MHI to serve as an institutional outcome measure for bariatric surgery [18]. With the 
results shown here, we demonstrate the added value of the MHI to the individual patient, 
both as supportive eligibility criterion as well as outcome measure of bariatric surgery.
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The MHI is both able to discriminate severity of metabolic comorbidities and measure the 
effect of bariatric surgery on metabolic health status, where loss of one MHI point grossly 
reflects reversal of one comorbidity. Both effects exceed the variation (or noise) in the 
MHI when comparing different MHI models. The MHI is thus robust, i.e. independent of 
the bariatric center. In addition, improvement in metabolic health status as measured by 
the MHI is independent of BMI prior to surgery. Hereby, the MHI meets the requirements 
of being an objective, additional outcome measure next to weight-focused outcome 
measures, and which can be used on the individual patient level. The MHI can also be 
included as standardized outcome reporting in registries like DATO, thereby meeting 
the clinical need for a uniform method for communicating findings with respect to the 
metabolic health status [4,14,15,17,20,22,23].

When the metabolic health burden, reflected in the MHI, exceeds the set cut-off value of 
2.8, this may form an additional argument to include the patient for bariatric surgery next 
to BMI ≥35 kg/m2. We showed that patients with an MHI >2.8 improve significantly more 
in MHI and thus metabolic health, compared to patients with an MHI ≤2.8, independently 
of registered metabolic comorbidities prior to surgery. The group ≤2.8 & DATO+ might 
represent the metabolically ‘healthy’ patients with obesity, who are already successfully 
treated for their comorbidities prior to surgery. However, according to the registration 
in DATO, only 41% of the patients received medical treatment for their comorbidity. 
Another possibility is that this group represents patients with only the early stages of 
the metabolic syndrome. Indeed, 89% of the patients in this group has only a single 
metabolic comorbidity, compared to 44% in the group >2.8 & DATO+ (the remainder in 
this group has multiple metabolic comorbidities). This may explain the relative smaller 
change in MHI after 12 months compared to the groups with MHI >2.8 prior to surgery.

An interesting patient group is the group with MHI >2.8 but no registered comorbidities in 
DATO (>2.8 & DATO–) prior to surgery. As all included patients have had bariatric surgery, 
one of the explanations could be that another comorbidity than a metabolic comorbidity 
(i.e. T2D, hypertension, dyslipidemia) made the patient eligible for surgery [15]. Indeed, 66% 
of the patients in this subgroup had obstructive sleep apnea (OSAS), gastroesophageal 
reflux disease (GERD) or joint problems as comorbidity registered in DATO. This 
proportion is similar in the other group without registered metabolic comorbidities (≤2.8 
& DATO–). Another cause of having MHI >2.8 but no registered metabolic comorbidities 
prior to surgery could be flaws in correct registration in DATO. For example, in 10 
out of the 107 patients in this specific subgroup, registrations of cured or improved 
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metabolic comorbidity were found in DATO, while prior to surgery the presence of these 
comorbidities was not registered.

This study has some limitations. Conclusions drawn from data in DATO are as good as the 
way in which the data are obtained and registered. The substantial administrative burden 
that is associated with DATO is already posed as limitation of this national registry [20]. 
Although the self-reported data entries in DATO are validated by an independent third-
party, the risk of errors is not negligible, influencing data quality. As mentioned before, 
a striking example is that patients were reported to have cured or improved metabolic 
comorbidities, while their presence was not registered before surgery. However, the 
apparent misregistration is considered to not affect the overall results, as the proportion 
of misregistration is limited. Because the MHI is robust, reliable, objective and easily 
calculated, it is the perfect candidate to assess metabolic health burden in national 
registry programs instead of the current registration burden.

As in any clinical follow-up study, compliance to follow-up is an important validity factor 
of the obtained results. Although in our study, 45% of the patients were excluded because 
of missing follow-up data, we thoroughly evaluated the patient characteristics of both 
groups. We did not see any clues for selection bias. At baseline, distributions of age, 
gender and BMI were comparable between the different datasets, as were the observed 
distributions of concentrations of each laboratory biomarker (Table 1). Although in the 
dataset of center A (new) the proportion of patients with SG was larger compared to the 
other two datasets, i.e. 64% compared to respectively 44% and 52%, these proportions 
do not differ significantly from those observed at 12 months after surgery. Therefore, 
the loss of patients during follow-up is considered random. Patients being lost in follow-
up are a common phenomenon in bariatric surgery. On one hand this is due to patients 
having follow-up trajectories outside the bariatric center. On the other hand it is due 
to excluding patients not having the complete follow-up data of interest, mainly no 
(complete) laboratory panel for calculation of the MHI.

Another limitation of this work is that only metabolic comorbidities T2D, hypertension, 
and dyslipidemia are considered by the MHI, as these comorbidities directly relate to 
the metabolic syndrome. Therefore, other obesity-related comorbidities like OSAS and 
GERD are not included in the MHI [15]. In addition, nonalcoholic steatohepatitis (NASH) and 
non-alcoholic fatty liver disease (NAFLD) that are also related with obesity, are also not 
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covered by the MHI as these comorbidities are not recorded standardly in the national 
DATO registry.

Also, patients who were eventually considered not eligible for surgery are not included. 
This patient category is particularly interesting to test the added value of the MHI in 
the decision to perform surgery or not. Also, Therefore, future research should focus 
on the performance of the MHI as decision support tool. By incorporating the MHI 
in both screening and follow-up programs, more data are obtained on how the MHI 
relates to treatment outcome, including patients that after screening proved ineligible 
for bariatric surgery. This requires the inclusion of laboratory parameters that are 
required to calculate the MHI, i.e. concentrations of creatinine, HbA1c, triglycerides and 
potassium. As assessment of biomarker levels is already incorporated in the standard 
treatment procedure, including the biomarkers for the MHI in the routine lab panel is a 
minimal additional ‘burden’. Especially, since the costs of bariatric surgery or treatment 
of metabolic comorbidities easily outweigh the additional costs of doing these additional 
laboratory measurement.

In this work, we only used data of Dutch bariatric centers. The reason to focus on the 
Netherlands is that Dutch bariatric centers report their patients in a national registry 
(DATO), which facilitates data collection and comparison. In addition, these centers 
are all subject to the same national legislation and guidelines that reduces the chance 
of potential bias. Therefore, we cannot claim that the generalizability of the MHI can 
be extended outside the Netherlands. However, since the three different laboratory 
analyzers used in this study did not influence the MHI, it is most likely that the MHI is 
universally applicable.

Our observations with the MHI are independent of the BMI before surgery. As literature 
already suggested that BMI cut-offs are of limited use in the assessment of surgery [10,14,15], 
our results clearly demonstrate the added value of the MHI as additional eligibility 
criterion for bariatric or metabolic surgery. However, our data is limited to BMI’s ≥35 
kg/m2, so the added value for surgical treatment in the BMI’s between 30 and 35 kg/
m2 remains to be investigated. The risk for T2D and cardiovascular complications has 
already been shown to be independent of BMI and led to the introduction of the 
metabolically ‘healthy’ patient with obesity (MHO) and metabolically ‘unhealthy’ patient 
with obesity (MUO) [1–3,12]. The MHI helps in discriminating the MHO from the MUO, 
potentially uncovering individual patients that are currently not considered eligible for 
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metabolic surgery but would clearly benefit from it on the long term [10–12,16]. In addition, 
the continuous nature of the MHI provides the opportunity to define multiple risk classes 
that may be addressed by matched treatment options.

Conclusion
The MHI is a robust measure that has added value for the individual patient, both as 
eligibility criterion as well as outcome measure that is independent of BMI. Through the 
derived cut-off value, the MHI helps in discriminating the metabolically ‘healthy’ from 
the metabolically ‘unhealthy’ patient with obesity. In particular, in patients with a BMI 
between 35 and 40 kg/m2, the MHI offers additional value as supporting tool in the 
clinical decision making regarding bariatric surgery as, according to current guidelines, 
eligibility then depends on the presence of comorbidity. Especially in patients where 
metabolic comorbidities are not yet clinically manifest (subclinical metabolic syndrome), 
the MHI is an appropriate indicator for the severity of their metabolic health burden. 
Since the MHI is independent of BMI before surgery, the MHI may offer as eligibility 
criterion for patients with BMI <35 kg/m2. However, we would like to emphasize that the 
MHI cannot replace the physician’s assessment, but can at most support the diagnostic 
and therapeutic process of the individual patient.
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General discussion

“The aim of argument, or of discussion, should not be victory, but progress.”
Joseph Joubert
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From data collection to model implementation in 
clinical practice
In this thesis, it has been shown that combining clinical data with data science can result 
in additional information, which is relevant for both the clinician and the patient. The 
evolved synergy has been explored in different applications, converting laboratory results 
into data-driven models and creating additional, clinical relevant information without 
additional costs. The presented work is complementary to field of clinical chemistry that 
is expanding towards applying data science, with the laboratory specialist as key player 
in using clinical data to support and improve healthcare.(1–6)

As the presented models are already implemented in daily clinical practice, the benefit 
of the synergy between laboratory medicine and data science is readily available to the 
clinic. However, before implementing a data-driven model in clinical practice, multiple 
issues need to be addressed, starting with identifying, collecting and processing the 
needed data, as described in chapter 2. After the model has been fit to the data, the 
performance of the model, like its imprecision and accuracy, needs te be checked. In 
addition, thorough validation of the model is needed to investigate dependency on the 
used data (overfitting) and general appliccability (transferability) before implementing 
the model in clinical practice.(7–9) This sounds simple but in practice it is a lot more 
difficult (and time consuming). Nevertheless, this thesis has resulted in two laboratory 
data-driven models, both of which have successfully progressed from data collection to 
clinical implementation.

Main achievements
The MMA correction model

With the use of existing data and the application of well-established statistical modeling 
techniques and algorithms, we were able to derive new information that increased the 
informative value of the readily available laboratory test results. The quantification 
of the effect of renal function on the concentration of methylmalonic acid (MMA) in 
circulatory blood is the first example of new, additional information that is created, as 
described in chapter 4 of this thesis. With this supplementary information, the physician 
is supported in the decision to diagnose the patient with vitamin B12 deficiency or not. 
This personalized approach in the use of laboratory data may prevent overdiagnosis of 
vitamin B12 deficiency, including corresponding treatment.
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After taking into account the limitations of using retrospective data for model building, 
as described in chapter 2, the next challenge was to implement the model in clinical 
practice. As the MMA correction model is driven by laboratory data only, the model is 
directly implemented in the laboratory information system (LIS). Hereby, the model is 
also relatively quickly available for use in clinical practice. However, upon implementing 
the model, one should also consider how the results of the model are going to be used. 
With respect to the MMA correction model, its use is in supporting the interpretation 
of observed MMA concentrations. Therefore, we chose to report a corrected 
MMA concentration together with the original MMA concentration. In addition, an 
automatically generated consult is provided as footnote to the MMA test result that 
further supports the clinician in the interpretation of the laboratory test results.

The Metabolic Health Index

Because the bariatric center at the Catharina hospital uses an extensive routine 
laboratory test panel for multiple years, this resulted in a wealth of laboratory data of 
this specific subpopulation. The availability of these data enabled us to meet a need 
of bariatric caregivers, i.e. to objectively quantify the health burden of metabolic 
comorbidities diabetes mellitus type 2, hypertension and dyslipidemia in obese patients. 
This information is needed in the decision to perform bariatric surgery or not, and during 
follow-up after surgery to objectively quantify the improvement of the patient’s health 
over time and thus assess efficacy of treatment. The laboratory data were enriched with 
data on performed surgery and presence of comorbidity, resulting in 4778 data records 
of 1595 patients. With these data we developed the metabolic health index (MHI), as 
described in chapter 5. Because the MHI is based on objective parameters, i.e. age and 
laboratory test results, it is insensitive to diverging clinical definitions of comorbidities. 
This allows the MHI to be an important contribution to the objective assessment of 
metabolic comorbidities in bariatric patients. Because of the relative small imprecision 
of the MHI model, as described in chapter 6, it fits the purpose of being a supportive 
tool for clinical decision-making and outcome measurement.

In order to endorse the added value of the MHI to the field of bariatric surgery, a 
multicenter study is conducted to investigate the validity and generalizability of the 
MHI. A well-known difficulty in collecting and merging data of different hospitals is 
the inconsistency in the labeling and storage of data. Hospitals often have their own 
data warehouse structure with attribute labels that do not match with other hospitals. 
Collecting the same data from different hospitals therefore requires extra effort to 
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identify the storage location of the required data. This was also the case during the data 
collection for the multicenter validation of the MHI. However, we bypassed extracting 
data form each hospital information system by using data of a national registry, where 
storage and definitions of data entries are already standardized. The multicenter data 
collection resulted in 11,501 unique patient records obtained from five independent 
bariatric centers throughout The Netherlands.

The external validation of the MHI model showed that the model is transferable to other 
bariatric centers without the need for calibration and that the model can be applied 
regardless of the composition of the bariatric population or used laboratory platforms 
(chapter 6). These findings underline the strength of the MHI and open the way to 
implement the MHI in routine bariatric care, including relevant guidelines and registries. 
In anticipation of this implementation, a MHI cut-off value has been determined that 
can be used as additional tool or eligibility criterion in the decision to perform surgery 
(chapter 7). The MHI thus forms a good example of how data can be used to support 
and improve the efficiency of care.

Added value in an unexpected place

In addition to the many obstacles that have been encountered to create added value in 
laboratory data, the added value is sometimes found in unexpected places. In chapter 
3 is described how visualization of laboratory data resulted in intuitive interpretation of 
test results in a specific subpopulation with obesity. By providing a reference for patients 
with obesity, discriminating ‘normal’ from ‘abnormal’ in this specific subpopulation is 
facilitated. For example, using the beanplots of concentrations of glycated hemoglobin 
(HbA1c) in the bariatric population as reference, a remarkably low HbA1c-concentration 
of 16 mmol/mol was noticed in a bariatric patient. Although this concentration is already 
below the lower reference limit for HbA1c (i.e. 20 mmol/mol, -2.8 SD), the beanplots 
show that this is an extreme outlier compared to the general bariatric population in 
the Catharina hospital, even when only non-diabetic patients are considered (-4.2 SD, 
Figure 1).
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Figure 1. Beanplot of HbA1c concentrations in bariatric patients. Non-diabetic patients (top, 
blue) compared with diabetic patients (bottom, red) pre-surgically (Pre) and at different time 
points during follow-up (M, months). The black dashed line indicates a concentration of 16 mmol/
mol. The gray dashed lines indicate the reference interval, i.e. 20 – 42 mmol/mol. Mean concen-
tration of HbA1c in the non-diabetic population prior to surgery is 36 mmol/mol with a standard 
deviation (SD) of 5.5. A concentration of 16 mmol/mol is thus -4.2 SD in the bariatric population, 
compared to -2.8 SD considering the general reference interval.

Closer analysis resulted in the detection of a rare hemoglobin variant, resulting in a 
false-low HbA1c concentration.(10) This finding has eventually led to the implementation 
of an effective, automated method to detect hemoglobin variants when using routine 
measuring equipment and preventing their automated reporting to the clinic. So, 
something as ‘simple’ as visualizing data of a specific subpopulation of patients can lead 
to knowledge and actions that benefit daily clinical practice, even in places where you 
did not expect it in advance.

Main challenges and future perspectives
Both the MMA correction model and the MHI model are derived from studying 
retrospective data. For these models, pre-existing data were sufficiently available to 
address the clinical need at hand. Although large amounts of data are generated in the 
hospital every day, the available data may not be sufficient to address other clinical needs, 
e.g. the set of parameters is too limited or data are not consistently collected for every 
patient in the population.(11) In this case, when choosing a retrospective study approach, 
it would have led either to a selection of parameters that does not cover all the aspects 
involved in the need of interest, or severe selection bias, as patients with data records 
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covering all the required parameters are most likely special cases where additional 
testing was needed. On the other hand, when choosing a prospective study approach 
and extending standard care with additional measurements, the implementation of the 
final model may be complicated when parameters are included in the model that are 
not standard care. The added value of the model to clinical practice must then justify 
the costs and burden of doing additional measurements additional to standard care or 
including the parameters in extended standard care.

The usability of electronic health record (EHR) data to create added value is very 
dependent on the way in which the data is collected and registered, as discussed in 
chapter 2. Ideally, all patients are treated similarly, i.e. the same set of tests is performed 
for similar cases and diseases are treated according to the same treatment regime. In 
this way, there is no selection bias when the data is used for mining. There are national 
and international guidelines that aim to standardize these diagnostic and treatment 
processes. However, in practice, patient care is often case-specific due to interpersonal 
variation. This is also the reason there are, for example, reference intervals for laboratory 
test results. The diversity in human (patho-)physiology clearly distinguishes data science 
in healthcare from data science in business, where cases are often more similar to each 
other. Nonetheless, when correctly dealing with this diversity, data-driven solutions 
can be valuable to improve healthcare and should be used more often in the future.(12)

Missing data

In general, when using data, dealing with missing data is the most common challenge. 
Because of the diversity in which patients present themselves in the hospital and the 
diversity in diagnostic and treatment processes, missingness of data is an inevitable 
problem in mining EHR data. Besides missing data in the collected database and the 
potential bias that can accompany it (chapter 2), missing data is also an issue in the 
application of the model in clinical practice.(13) In case of laboratory data, non-numerical 
test results, e.g. ‘hemolytic’ or ‘lipemic’, are also a form of missing data, as data-driven 
models often require numerical inputs. In addition, mathematical models can show 
unintended behavior in case of missing or extreme values. Both issues need to be 
considered upon implementing a model in clinical practice. For example, the MMA 
correction model is mathematically able to provide a numerical result when either a 
vitamin B12 concentration or eGFR is non-numerical or missing and given to the model 
with a value of zero. This is a consequence of selecting polynomial regression as method 
to build the model, i.e. input variables are multiplied with regression coefficients and then 
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added together. As the output of the MMA correction model is overestimating the effect 
of renal function on MMA concentration (see Box 1), it is programmed in the LIS that no 
output is generated when one of the three input variables, i.e. vitamin B12 concentration, 
eGFR calculated according to the CKD-EPI formula, and MMA concentration, cannot be 
retrieved as numerical result.

Box 1. Usability of MMA correction model when data is missing 

The MMA correction model is a polynomial regression model, where inputs are multiplied with 

regression coefficients and added together. When one of the inputs for the MMA correction 

model is not available and provided to the model as zero, the contribution of this part of 

the polynomial formula is zero, which changes the output of the model significantly. For 

example, when the vitamin B12 concentration is 250 pmol/L, eGFR is 52 ml/min/kg2, and 

the concentration of MMA is 550 nmol/L, the correction in MMA according to the model is 

93 nmol/L. However, in case the vitamin B12 concentration is set to zero, the model gives a 

correction of 166 nmol/L based on eGFR alone. Here, the difference between both cases is 73 

nmol/L and cannot be neglected as it results in clinically different outcomes. When a MMA 

concentration of 430 nmol/L is considered the reference cut-off value, a corrected MMA of 

457 nmol/L, can be considered as (most likely) vitamin B12 deficient, while a corrected MMA 

of 384, can be considered as (most likely) not vitamin B12 deficient. Because of this impact on 

correction in MMA, both vitamin B12, eGFR, and MMA are all required inputs for the MMA 

model that should not be set to zero when missing.  

Imputing the vitamin B12 input with a concentration of 300 pmol/L, being the upper limit of 

the ‘grey-area’ in diagnosing vitamin B12 deficiency, is an alternative solution to deal with 

missing vitamin B12 data. When the vitamin B12 concentration is not set to zero but set at 

300 pmol/L, the correction in MMA changes from 166 nmol/L to 75 nmol/L. This would be 

an underestimation of the actual effect on the concentration of MMA, i.e. 93 nmol/L, but is 

potentially more useful in clinical practice than no correction at all.

Alternatively, imputation of a certain concentration of vitamin B12 can be a solution 
instead of not using the model at all (see Box 1). However, as MMA is often tested in 
response to an observed concentration of vitamin B12, the latter is not often missing in 
the laboratory data. In addition, it is obvious that a correction in MMA for renal function 
can only be calculated if the renal function, measured by the eGFR, is also known.

8



154

Chapter 8

Similarly to the MMA correction model, imputing missing values with zero is not an 
option for the MHI model as it results in significantly altered results. In addition, imputing 
missing values with, for example, the median value of the studied population, also results 
in inappropriate results. With the use of median population values, the MHI is moving 
towards the study population’s median MHI of 2.7. Depending on the patient’s actual 
concentration of the variable at hand, this is either an underestimation or overestimation 
of the MHI, and thus the patient’s metabolic health state. One can argue whether this 
information is clinically useful. For example, taking into account the proposed MHI-
cut-off value in considering the patient’s eligibility for bariatric surgery, this may have 
severe implications. Therefore, in the deployment of the MHI model we set the presence 
of all five parameters needed to calculate the MHI, within the same order, as strict 
requirement.

As in the bariatric center of the Catharina hospital all parameters are included in a 
standard bariatric laboratory panel, missingness of data will not often be a problem. 
However, a nationwide inventory of bariatric laboratory test panels used in Dutch 
bariatric centers showed that there is a lot of variation between the centers, both in the 
composition of the laboratory test panel as well as the frequency of measurement.(14) As 
a result, only five of the 18 Dutch bariatric centers are currently able to report an MHI 
before surgery and only two centers also during follow-up after surgery. To enlarge the 
nationwide applicability of the MHI, bariatric centers should be encouraged to include 
the five MHI-parameters in their routine laboratory test panel. The results presented in 
this thesis can be used to support this encouragement.

Model transferability

Models are usually built on a specific dataset that is assumed representative for the 
population for which the model is developed. However, the model can perhaps be used 
more widely than only in that specific population. For example, although the MHI is 
developed using data of bariatric patients with a body mass index above 35 kg/m2, it 
may be useful as well in non-obese patients having the same metabolic comorbidities. 
As the model is not validated for other patient categories than those included in its 
development, the application of the model outside this scope should be thoroughly 
verified before clinical implementation. This limitation holds for every model that is 
derived from data of a specific patient population. For the MHI model, we have already 
shown that its deployment in other bariatric centers is likely not limited by differences in 
analytical methods or population mix. However, for the MMA correction model, future 
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research must be aimed at studying the generalizability of the model in other clinical 
laboratories.

Limitations imposed by the laboratory information system

If laboratory tests that are required by the data-driven model are not routinely requested 
together, like in a test panel, it can affect the usability of the model. In case of the MHI 
model, the required input parameters are part of a laboratory panel and thus obtained 
simultaneously. However, this is not the case for the MMA correction model. What was 
observed during the initial data collection is that MMA measurements are sometimes 
performed without an accompanying vitamin B12 measurement in the same request, and 
more often without a creatinine measurement. During data preprocessing, the number 
of combinations of these three biomarkers was enlarged by allowing a predefined 
time window between separate measurements, assuming the measurand at hand 
remained stable in this period of time (synchronization). However, as the laboratory 
information system (LIS) in which the measurement data are stored is able to search 
for measurements in the past, it is not possible to set certain restrictions to this search, 
e.g. the last measurement within the last three months. This demonstrates that these 
information systems are not designed for the application of data-driven models (yet).(15,16) 
In general, this poses additional challenges in the applicability of data-driven models in 
clinical practice and the impact of the additional informative value created with them.

In case of the MMA correction model, automatically adding a vitamin B12 and creatinine 
measurement to a requested MMA measurement would be a practical solution. 
However, this may mean taking additional blood samples from the patient as vitamin 
B12 is measured in serum and creatinine in heparin plasma, while for measuring MMA 
concentration EDTA plasma is used. This also results in additional costs that may not 
defend (in all cases) the added informative value of a renal-function corrected MMA. 
Therefore, we have chosen to provide the clinician the possibility to order an ‘MMA with 
correction for kidney function’ separate to the ‘ordinary’ MMA measurement. In this 
case, the clinician owns the responsibility of all ordered tests and related costs.

Another, data-driven solution is the use of an additional information system that is able 
to communicate with both the hospital and laboratory information systems and is able 
to also look at measurements in the past. The system we use, GASTON, can calculate 
the corrected MMA, although not all three parameters are available in the same order.
(17) It then reports this output to the LIS, accompanied with an automatically generated 
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consult on the interpretation of the obtained results. This is a valid approach as long as 
the assumption that renal function is stable holds. However, GASTON does not take into 
account the pattern of observed eGFR over time. If a patient undergoes kidney dialysis 
or acute renal failure, eGFR is not stable over time and the most recent eGFR may not 
be representative for the patient’s actual renal function. Therefore, the correction in 
MMA according to the model is not valid in these cases. However, this limitation is hard 
to program in the involved information systems. Therefore, the responsibility of correctly 
interpret the obtained results remains the responsibility of the clinician.

General disclaimer when using data-driven models

Although models are designed to meet previously unmet clinical needs, they do not 
discharge the clinician from the responsibility for their actions, including the use of data-
driven models. Clinicians should be aware to use a data-driven model as a supportive 
tool in the diagnostic or therapeutic process instead of blindly trusting the model and 
acting to what the model tells them. Despite the aim to develop models that provide 
an objective and reproducible output, the model will never be better than the clinician, 
as a model cannot capture the not-recorded information resulting from, for example, 
the impression a patient makes on the clinician. Therefore, the responsibility for using 
data-driven models lies with the clinician. However, the model developer can teach the 
clinician how to use the model and what its limitations are. So, not only in developing 
the model but also in the actual use of the model, close collaboration of clinicians and 
data scientists, and laboratory specialists in our case, is required.

Lessons learned along the road going from data collection to model implementation:

• merging multiple datasets from different laboratories can easily lead to bias when not 

taking into account inconsistencies. 

• reminding the clinical application of the model when designing the model and selecting 

the data to be included in the model. 

• although every model has a certain degree of imprecision, clinical relevance beats 

statistical significance.

• think of the usability of the model when input parameters are not available and the clinical 

implications of imputing missing values.

• before developing the model, think of how the model is going to be used in clinical 

practice and take optional practical limitations into account in the design of the model.
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Conclusions and outlook
With both the MMA correction model and the MHI model we have achieved to turn 
laboratory data into additional information. This information supports the clinician 
in interpreting the obtained laboratory results and thereby improves laboratory test 
utilization and supports clinical decision-making. The developed models display the 
expertise among laboratory specialists in evaluating data, as they are used to looking 
at test results, quality control data, patient test result distributions, and method 
evaluations.(5,6,12) In addition, developing and implementing data-driven models shows 
great similarities with designing and validating laboratory tests in general. Therefore, 
the involvement of laboratory specialists in creating data-driven solutions to clinical 
needs is clearly of added value. However, the best approach to add value to data is to 
form a collaborative team together with data scientists and clinicians to fully exploit the 
potential of combining clinical and diagnostic data.(18)

During the development of these data-driven models, we encountered that medical 
data should be handled carefully as biases or nonsensical findings are introduced easily, 
making the data unsuitable for the purpose at hand. The use of pre-existing clinical 
data that are recorded for a variety of purposes also requires critical evaluation of its 
quality. Like the saying ‘garbage in, garbage out’, the quality of the output of the model 
is as good as the quality of the input of the model. However, the use of clinical data 
forms a valuable and objective approach to improve the efficiency of current healthcare 
processes. Especially in the current era of value-based health care, clinical data are 
increasingly used to quantify healthcare outcomes and weigh them in addition to their 
costs.(19–21) Data-driven models are not subject to both intra- and inter-observer variation, 
especially when objective data like laboratory test results are used as input to the model. 
This observer-independency of laboratory data-driven models enables their multicenter 
applicability and potential to improve the efficiency of healthcare at national or even 
international level.

On a broader scale, the application of data-driven models can lead to savings in 
healthcare costs, especially because the model itself often does not entail additional 
costs. However, as data-driven solutions can have positive impact on multiple aspects 
of healthcare, actually quantifying the added value or reduction in costs is not that 
straightforward. Ideally, it requires prospective randomized clinical trials to objectively 
evaluate the actual benefits of having the additional information compared to current 
standard practice. For both the MMA correction model, as well as the MHI model, the 
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added value for both the clinician and the patients has not been quantified through such 
clinical trials. However, as both models are developed to meet a clinical need and have 
shown to provide additional information of practical use, the added value is clearly there. 
Future research may elucidate the specific benefits and cost savings of both models, 
further endorsing their clinical relevance.

Combining multiple data entries into a data-driven model helps the clinician to interpret 
the wealth of data that is generated. In addition, it may reveal extra information that 
is not available in the individual test results themselves. For example, in current times 
of the coronavirus pandemic (COVID-19), caused by severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) (22), information on the probability of being infected with this 
virus is extracted from the laboratory test results of the standardized laboratory panel 
used at the emergency department of the Catharina hospital (publication in preparation). 
Although the laboratory panel does not include the RT-PCR test required to formally 
diagnose COVID-19, the developed model is able to discriminate the patients not being 
infected with SARS-CoV-2 from those who (most likely) are based on multiple routine 
hematological and biochemical parameters. This model is developed to address the 
clinical need to triage patients presenting themselves at the emergency department in 
an early stage. The close collaboration between laboratory and clinical experts resulted 
in a relatively quick implementation and actual use of the model at the emergency 
department. In addition, based on the probability predicted by the model, the clinician 
is supported in the decision to request the RT-PCR test. Especially in times where the 
availability of these tests is limited, the model helps in using the tests more efficiently. 
Next to this initiative at the Catharina hospital, other laboratories also answered the need 
to support the clinician in the diagnosis and prognosis of COVID-19 and developed their 
own data-driven tools.(23–27) However, the quality of the proposed models, including the 
risk of bias, needs to be critically evaluated for potential overoptimistic and misleading 
performance estimates.(28,29)

Although the corona pandemic has a major negative impact on society in general, it is an 
excellent opportunity for laboratory experts to demonstrate their added value to health 
care in general. However, there are many more opportunities besides a pandemic where 
the laboratory expert can contribute to improve or innovate healthcare. Next to the 
examples in this thesis, there remain many more unmet clinical needs in which creating 
synergy in clinical data can be used to meet these needs. For example, the correction for 
renal function is also relevant for the interpretation of biomarkers like cardiac troponin 
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and NT-proBNP.(30) Another example is the use of clinical data to address the need of 
cardiologists to have a more objective classification model assessing the functional state 
in patients with heart failure, i.e. the ability to do the daily activities. Although the current 
classification model has proved to be clinically useful, the way of classifying patients, i.e. 
based on the patient’s and clinician’s perception of exercise intolerance, is inaccurate and 
subjective.(31) This topic is one of the research topics being investigated at our laboratory 
in collaboration with the cardiology department.

In conclusion, the results of this thesis represent the potential of the synergy between 
laboratory medicine and data science. The presented work contributes to the 
developing field of laboratory medicine, where laboratory specialists must be aware 
of the possibilities offered by using data and step beyond the walls of the laboratory to 
collaborate with clinical experts on developing data-driven solutions to clinical needs.
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Samenvatting
De zoektocht naar synergie in data van het klinisch laboratorium

Medische beslissingen zijn vaak gebaseerd op testuitslagen van het klinisch laboratorium. 
Om de interpretatie van deze testuitslagen te vergemakkelijken, wordt bij een 
testuitslag een referentie-interval gerapporteerd. Maar omdat elk persoon uniek is, 
moeten referentie-intervallen eigenlijk worden gepersonaliseerd. Leeftijd en geslacht 
zijn bekende factoren waarmee al rekening wordt gehouden bij het opstellen van 
referentie-intervallen. De invloed van andere factoren op testuitslagen, bijvoorbeeld 
de nierfunctie, wordt meestal niet opgenomen in het referentie-interval. Deze invloeden 
blijven vooralsnog verborgen in de berg patiëntgegevens. Dit belemmert de clinicus om 
testuitslagen goed te interpreteren. Om de testuitslagen van het laboratorium om te 
zetten in klinische informatie moeten dus aanvullende patiëntgegevens worden verzameld 
uit verschillende datasystemen. Daarnaast zijn data-analysetools nodig om de informatie 
die in deze gegevens verborgen is bloot te leggen. Dus door laboratoriumgeneeskunde 
te combineren met datawetenschappen kan een synergie worden gecreëerd die de 
klinische besluitvorming ondersteunt.

De zoektocht naar deze synergie is uitdagend, aangezien het toepassen van data-
analytische technieken binnen het klinisch laboratorium voor deze toepassing nog maar 
net in opkomst is. Daarnaast zijn ziekenhuissystemen niet ontworpen om klinische data 
te gebruiken voor de ontwikkeling en implementatie van data-gestuurde modellen. Dit 
proefschrift beschrijft drie voorbeelden waarin de toenemende complexiteit van het 
interpreteren van testuitslagen van het klinisch laboratorium wordt vereenvoudigd door 
data-analytische technieken toe te passen. Het gepresenteerde onderzoekswerk omvat 
ook de overwegingen die aan bod komen bij het gebruik van klinische gegevens voor 
het ontwikkelen van data-gedreven modellen en de vereiste externe validatie van een 
data-gedreven model. Voor het onderzoek zijn voornamelijk laboratorium- en klinische 
gegevens van bariatrische patiënten gebruikt, aangezien het obesitascentrum van het 
Catharina ziekenhuis een uitgebreid routinepanel van laboratoriumparameters gebruikt, 
dat is ingebed in een vijfjarig behandelings- en follow-upprogramma.

Als eerste komt de vraag ‘wat is normaal?’ aan de orde bij de interpretatie van 
laboratoriumtestuitslagen van bariatrische patiënten, die lijden aan morbide obesitas. 
Normaliter worden deze testuitslagen geïnterpreteerd ten opzichte van rekenkundig-
afgeleid een- of tweezijdig referentie-interval dat is gebaseerd op een ‘gezonde’ 
populatie. Naast dit interval van ‘normale’ testuitslagen is de mate waarin een testuitslag 
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afwijkt bij een zieke patiënt ook relevant. De interpretatie van een testuitslag wordt 
lastiger wanneer er meerdere ziekten tegelijk een rol spelen. Een duidelijk voorbeeld 
is de ziekte obesitas. Deze aandoening wordt per definitie als ‘niet-gezond’ beschouwd 
en komt ook in verschillende maten van ernst voor. Bij het interpreteren van 
laboratoriumtestuitslagen in deze patiëntpopulatie ligt de uitdaging in het onderscheiden 
van het effect van obesitas van het effect van bijkomende ziekten zoals suikerziekte 
(diabetes mellitus) op de testuitslag. Om inzicht te krijgen in dit onderscheid zijn de 
uitslagen van laboratoriumtesten van bariatrische patiënten gevisualiseerd met 
beanplots. Als alternatief voor de traditionele boxplot kan met een beanplot een grote 
verzameling gegevens gemakkelijk visueel met elkaar worden vergeleken. Doordat 
bij patiënten van het obesitascentrum een breed pakket aan relevante biochemische 
merkers zijn gemeten, kan de gezondheidstoestand van patiënten met obesitas worden 
onderzocht. Ook kunnen verschillende subgroepen van patiënten met elkaar worden 
vergeleken, waarbij kan worden vastgesteld wat ‘normaal’ en ‘afwijkend’ is in de context 
van obesitas.

Ten tweede worden laboratoriumgegevens gebruikt om de invloed van de nierfunctie 
op de circulerende concentratie van methylmalonzuur (MMA) in bloed te kwantificeren. 
Hierdoor kan bij patiënten met een verminderde nierfunctie de interpretatie van de 
gemeten MMA-concentratie worden verbeterd. MMA is een alternatieve biomerker 
voor het diagnosticeren van vitamine B12-tekort en hoopt zich op wanneer er in de cel 
een tekort aan vitamine B12 is ontstaan. MMA hoopt zich echter ook op in het bloed 
bij een verminderde nierfunctie maar de mate waarin de nierfunctie de ophoping van 
MMA beïnvloedt, is onbekend. Deze interactie beïnvloedt de interpretatie van MMA-
testresultaten: is een verhoogde concentratie MMA het gevolg van een tekort aan 
vitamine B12 of van een verminderde nierfunctie (of beide)? Om een antwoord te kunnen 
geven op deze vraag is een data-gedreven model ontwikkeld dat de invloed van een 
verminderde nierfunctie op MMA kwantificeert. Met dit model kan de gemeten MMA-
concentratie worden gecorrigeerd voor de mate waarin de nierfunctie is verminderd. 
Door de MMA-testuitslag te corrigeren, kan het huidige referentie-interval voor MMA 
worden gehandhaafd, wat het gebruiksgemak van de gecorrigeerde MMA door de 
clinici vergemakkelijkt. Een retrospectieve beoordeling van de klinische impact van het 
MMA-correctiemodel laat zien dat in 40% van de gevallen de diagnose vitamine B12-
tekort wordt overschat. Dit toont aan dat het MMA-correctiemodel een ondersteunend 
instrument is bij de klinische besluitvorming op basis van laboratoriumtestuitslagen en 
overdiagnostiek en overbehandeling van vitamine B12-tekort kan voorkomen.
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Ten derde worden laboratoriumtestuitslagen van bariatrische patiënten gebruikt om 
het effect te kwantificeren van niet één maar meerdere factoren die tegelijkertijd 
de ziektetoestand van de patiënt beïnvloeden. Patiënten met obesitas kunnen 
meerdere, onderling afhankelijke ziekten (comorbiditeiten) hebben, zoals suikerziekte 
(diabetes mellitus), hoge bloeddruk (hypertensie) en een verstoorde vetstofwisseling 
(dyslipidemie). De combinatie van deze comorbiditeiten wordt metabool syndroom 
genoemd en geeft een verhoogd risico op hart- en vaatziekten. Daarom is een 
aangedane metabole gezondheidstoestand naast obesitas één van de criteria om in 
aanmerking te kunnen komen voor bariatrische chirurgie (maagverkleining of bypass). 
Het is echter moeilijk om de algehele metabole gezondheidstoestand van een patiënt 
te beoordelen wanneer laboratoriumtestuitslagen afzonderlijk worden geïnterpreteerd. 
Bariatrische clinici worstelen dan ook met het objectief kwantificeren van de impact en 
verbetering van deze obesitas-gerelateerde comorbiditeiten. Daarom is de metabole 
gezondheidsindex (‘metabolic health index’, MHI) ontwikkeld als maat voor de metabole 
gezondheidstoestand, net zoals de body mass index (BMI) een maat is voor gewicht. 
Het MHI-model combineert meerdere laboratoriumtestuitslagen en legt de metabole 
gezondheidstoestand vast in één getal. Hierbij biedt de MHI aanvullende informatie 
die is afgeleid van bestaande laboratoriumgegevens en ondersteunt het de arts bij het 
beoordelen van de metabole gezondheidstoestand van de patiënt en de daaropvolgende 
klinische besluitvorming.

Om de universele toepasbaarheid van het MHI-model aan te tonen, is de prestatie van 
de MHI bestudeerd op andere datasets dan de dataset die is gebruikt om het MHI-model 
te ontwikkelen. Het is algemeen bekend dat er een kans bestaat dat een data-gedreven 
model te specifiek is. Het model presteert dan goed op de data die zijn gebruikt voor 
het bouwen van het model maar het presteert slecht op nieuwe data. Daarom is het 
nodig om een   model te valideren met data van een nieuw cohort of met data van andere 
instellingen voordat het model in de klinische praktijk wordt geïmplementeerd, oftewel 
een externe val idatie. Het MHI-model is kritisch geëvalueerd op zowel robuustheid 
als generaliseerbaarheid met behulp van aanvullende datasets van meerdere andere 
bariatrische centra in Nederland. Daarnaast is het effect van laboratorium-gerelateerde 
factoren, zoals biologische en analytische variatie van de betrokken biomerkers, op de 
MHI gekwantificeerd. De externe validatie van de MHI laat zien dat de MHI kan worden 
toegepast in bariatrische centra in het algemeen, ongeacht de samenstelling van de 
patiëntenpopulatie en gebruikte analytische platforms.
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Samenvatting

De MHI heeft de potentie om te dienen als een persoonlijke uitkomstmaat van bariatrische 
chirurgie, aangezien de MHI verschillende mate van ernst van metabole comorbiditeiten 
kan onderscheiden en de verbetering van de metabole gezondheidstoestand over de tijd 
kan meten. De MHI kan ook onder- en overregistratie van comorbiditeiten ‘opsporen’, 
wat laat zien hoe lastig het in de klinische praktijk is om comorbiditeiten en de ernst ervan 
te identificeren bij bariatrische patiënten, vooral wanneer er meerdere comorbiditeiten 
naast elkaar bestaan (‘wat is normaal?’). Daarnaast is de meerwaarde van de MHI 
beschreven als beslissingsondersteunend instrument bij het bepalen van de geschiktheid 
voor bariatrische chirurgie. Er is een MHI-afkapwaarde afgeleid die helpt om onderscheid 
te maken tussen metabool ‘gezonde’ en ‘ongezonde’ patiënten met obesitas, waarmee 
de beslissing voor of tegen bariatrische chirurgie ondersteund kan worden.

Het combineren van laboratoriumtestresultaten met relevante klinische gegevens 
levert dus aanvullende, klinisch bruikbare informatie op. Daarom zou grootschalige 
data-analyse een essentieel onderdeel van de laboratoriumgeneeskunde moeten zijn 
maar het is helaas moeilijk in de praktijk te brengen. Ten eerste omdat onderliggende 
factoren die de testuitslagen beïnvloeden, niet volledig bekend zijn. Ten tweede omdat 
de huidige infrastructuur van databases alsook de ziekenhuis-informatiesystemen nog 
niet klaar zijn om data-gedreven verrijking van testuitslagen te ondersteunen. Ondanks 
deze uitdagingen toont het werk in dit proefschrift de meerwaarde aan van de synergie 
tussen datawetenschappen en laboratoriumgeneeskunde. Dit proefschrift illustreert hoe 
factoren die laboratoriumtestuitslagen beïnvloeden, kunnen worden gekwantificeerd en 
gevisualiseerd. Daardoor neemt het informatiegehalte van laboratoriumtestuitslagen 
toe. Het laat ook zien hoeveel werk er moet worden verzet om te evolueren van 
het verzamelen van data naar validatie van het gebouwde model, en uiteindelijk tot 
implementatie van een klinisch bruikbaar model. Zowel het MMA-correctiemodel als 
het MHI-model zijn geïmplementeerd in ons laboratoriuminformatiesysteem, waarbij 
de gecreëerde aanvullende informatie direct beschikbaar is voor zowel de arts als de 
patiënt. Door data-gerelateerde uitdagingen zoals gepresenteerd in dit proefschrift aan 
te pakken, kan de synergie tussen laboratoriumgeneeskunde en datawetenschappen 
de toegevoegde waarde van laboratoriumspecialisten voor de kliniek verder vergroten, 
waarbij zij hun expertise in het evalueren van laboratoriumdata kunnen uitdragen. 
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