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Inappropriate laboratory test selection in the form of overutilization as well as underutilization frequently occurs despite

available guidelines. There is broad approval among laboratory specialists as well as clinicians that demand management

strategies are useful tools to avoid this issue. Most of these tools, which may be adopted to local settings, are based on

automated algorithms or other types of machine learning. We believe that artificial intelligence may help to further improve

these available tools.
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1. Introduction

Laboratory tests are fundamental for medical diagnosis, prognosis and treatment decisions  and are being ordered in

rising numbers each year due to increased availability, mostly based on technological advances . However, due to this

fact that laboratory orders increase along with convenient availability, it seems that a certain amount of laboratory tests

are ordered inappropriately . On the one hand, inappropriate orders may present as overutilization, where tests with

doubtful contribution to further patient management are ordered; on the other hand, there may be underutilization, when

required tests are not being ordered . In a systematic review, Zhi et al.  estimated an overall mean rate of

overutilization of 20.6%. Subgroup analysis revealed a higher mean rate, around 44%, for inappropriate initial testing.

However, single studies state that up to 70% of ordered tests may be of doubtful importance for patient management .

A workup of closed malpractice claims conducted by Gandhi as well as Kachalia et al.  revealed that failure to order

the appropriate diagnostic or laboratory test contributed to missed or delayed diagnoses in 55% and 58% of cases in an

ambulatory setting and the emergency department, respectively. Zhi et al.  state the overall mean rate of underutilization

is 44.8%.

Along with Sarkar et al. , who support the high proportions of errors in test selection by evaluating orders for

coagulation disorders in real time, inappropriate ordering may be considered as a substantial threat to patient safety.

Overutilization may lead to unnecessary follow-up investigations or treatments, increased workload and costs as well as

patient anxiety, while underutilization may result in missed or delayed diagnoses . Lack of knowledge, insecurity,

pure habit, patient pressure or fear of lawsuits are possible causes for inappropriate testing . The lack of

knowledge is reflected by various studies, which observed inappropriate orders despite available guidelines or

recommendations before the implementation of demand management (DM) tools .

We summarize available DM strategies, which may be implemented into local settings to reduce inappropriate test

utilization.

2. Possible Strategies to Avoid Inappropriate Test Utilization

DM tools may help to prevent overutilization and/or underutilization. Many studies combine several tools , which

has been shown to have an additive effect on the overall outcome . In addition, the collaboration of laboratory

specialists and clinicians together with audits, feedbacks, reminders and multiple plan-do-study-act (PDSA) cycles will

further improve efficiency in terms of a continuous improvement process . 

2.1 Alerts at the Stage of Order Entry

Alerts appearing in the form of pop-up windows in the clinical physician order entry (CPOE) system may be designed to

avoid various causes of overutilization  or to suggest an alternative test . Minimum retesting intervals (MRIs),

which may also be implemented in form of alerts at the stage of order entry, are discussed in section 2.3.
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2.2 Hold Back Orders in the Laboratory Information System (LIS)

Informing the ordering provider through alerts at the stage of order entry would be the preferred solution; however, it may

not always be possible to reject inappropriate orders in the CPOE system due to technical issues. In these cases, orders

may be screened for appropriateness upon arrival in the LIS . MRIs, which may also be considered as a subset of

holding back orders, are discussed in the following section.

2.3 Minimum Retesting Intervals

MRIs are defined as “the minimum time before a test should be repeated, based on the properties of the test and the

clinical situation in which it is used” . Recommendations for MRIs are freely available, for example, from the

collaboration of the Royal College of Pathologists, the Association for Clinical Biochemistry and Laboratory Medicine and

the Institute of Biomedical Science . MRIs may be implemented in the LIS, dependent on available technical

possibilities . One drawback of rejecting tests in the LIS is that unnecessary blood collections may be performed for

cancelled tests. Therefore, it would be favorable if the requesting physician is at least alerted in the course of order entry

. Preferably the ordering physician is alerted at the stage of order entry  along with the choice to cancel the request

or to continue with the order .

Different outcomes are reported with regard to the reactions to the alert .

2.4 Revision of Laboratory Ordering Forms and Profiles

The position where tests are placed in the order entry system may affect the number of placed orders . Furthermore,

laboratory ordering profiles (LOPs), which are used to order a bundle of defined analytes with one click in the CPOE

system, seem to be a source of overutilization; number of orders drops after removing tests from such LOPs . One

study describes the implementation of a panel for C-reactive protein (CRP) and erythrocyte sedimentation rate (ESR)

testing , while others focus on LOPs for specific indications or diagnoses .

2.5 Removal of Outdated Tests

Apart from giving an alert for inappropriate orders, tests may also be entirely removed from the order entry system .  

2.6 Display Costs

Some studies evaluated the effect of displaying costs during the order entry process. Overall, the interventional impact

was rated as “modest” by the authors . Investigation of appropriateness of test selection was not part of the study

designs. However, costs should never be the sole decision criterion for laboratory test ordering, reductions in expenditure

may be also achieved by implementing DM strategies, which combat overutilization .

2.7 Adding Tests

Adding tests may be one attempt to prevent delayed or missed diagnoses .

2.8 Reflex and Reflective Testing

Another possibility of adding tests is through reflex or reflective testing. While reflex testing refers to the automated

addition of tests according to a fixed algorithm within the LIS, reflective testing is the approach of adding tests and/or

comments after the laboratory specialist has interpreted the results in synopsis with available clinical information . For

example, reflex testing may be suitable for the stepwise analysis of thyroid hormones, where thyroid-stimulating hormone

(TSH) is the initial test, and subsequent analysis of free thyroid hormones should only be performed in the case of

abnormal TSH results . Reflex as well as reflective approaches may also be combined .

In general, reflective testing is appreciated by physicians as well as patients and may have a significant positive outcome

for patient management .

2.9 Algorithms

Algorithms are an advancement of reflex und reflective testing; several concatenated if/then queries are addressed, until a

diagnostic decision is possible . One practical example of such an algorithm is the PTT Advisor, a mobile application

that helps to choose the appropriate follow-up tests in patients with a prolonged partial thromboplastin time (PTT) and
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normal prothrombin time . However, an evaluation of apps with regard to the impact on test ordering would be

meaningful . Another way to implement diagnostic algorithms would be to program the according if/then cycles directly

into the LIS .

2.10 Education

Educational interventions may be implemented in different ways. As sole method in the form of a workshop , as the first

step of a two-stage process  or supplementary to IT-based solutions . However, education as a sole method

seems to be inferior compared to automated solutions . IT-based solutions may also serve as a learning tool 

, although this could not be confirmed by others .

3. Discussion and Conclusion

There is broad approval that laboratory DM approaches are useful for appropriate test utilization, and several tools are

already in use . However, there are still a number of challenges. Due to different outcome criteria and settings, results

may not be generalizable or comparable, which is why DM approaches have to be adapted to local settings. Therefore,

harmonization strategies would be desirable, but currently they are not coordinated . 

Another challenge is that inappropriate orders remain . One possibility for achieving appropriate test selection may be

to conduct a health technology assessment prior to test implementation . 

However, these evidence-based assessments and further recommendations proposed for successful implementation, like

the selection of quality indicators for monitoring and improvement as well as the ensuring of regular updates, are time-

consuming . We believe that artificial intelligence (AI) solutions are the next logical step, aiding in the development as

well as improvement of DM strategies, as they could help to manage large data sets. Currently, few published articles deal

with the issue of applying AI algorithms to laboratory test selection . Machine learning (ML) models may also be

used to identify prognostic factors . The MRIs mentioned above are implemented as pre-defined alerts, and various

alert ignorance rates are discussed in Section 2.3. Concerning this challenge, logistic regression models may be used to

predict whether alerts will be accepted or overruled . However, not all questions can be solved with AI. For example,

using serum tumor markers alone for cancer screening may currently not be recommended even if data were

retrospectively evaluated using various ML models .

Furthermore, it has to be acknowledged that AI is only a tool of assistance . A combination of computerized and

physician-guided processes may be better than each one on their own . Therefore, AI solutions may complement the

recommended collaborations with clinicians for successful implementation . Intensifying collaborations should be a

feasible task, since a survey indicates that interest from both professions exists . An advantage of complementary AI

solutions would be that these systems, fed with unfiltered patient data, are capable of finding completely new diagnostic

strategies that humans have not yet thought of - e.g. the prediction of the two-day mortality of thrombocytopenic patients

on the basis of hematological tests only .

In conclusion, the implementation of DM tools of laboratory specialists in collaboration with clinicians is increasing, and

the incorporation of AI solutions is emerging in recent years. We believe that these solutions will help us to overcome

technical barriers, a lack of harmonization and other challenges.
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