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abstract
Outpatient referrals for hospital specialist assessment are an increasing workload that carry significant risk if not attended to in a 
timely manner.
This viewpoint discusses how decision support (including artificial intelligence and machine learning) may address this problem. Of 
the many possible approaches, we choose a combination of two that illustrate the breadth of available tools and how they combine 
to complement each other.
To understand the issues and inform this discussion, a survey of general practitioners’ views was conducted (Appendix 2), an audit of 
declined referrals was undertaken (Appendix 3) and draft decision trees were constructed (Appendix 4).
To have data suitable for automated decision support, the current referral needs to change from free text to a structured format that 
ensures every patient has a complete minimum dataset. Regarding triaging decisions, at present there is human variability, but the 
decision support tools will need to be trained on a set of referrals that have an agreed gold-standard decision. In order to maintain 
patient safety throughout, the process needs to be incremental. We suggest that one way to assure patient safety is to combine simple 
decision trees with sophisticated contemporary machine learning.

Support for applying artificial intelligence (AI) 
to healthcare has recently been expressed at 
ministerial levels.1,2 In a healthcare sector 

beset by staff shortages and limited funding, AI 
is said to have “the potential for very high return 
on investment”.3 This viewpoint examines the 
potential for decision support, such as AI, to assist 
with triaging general practitioner (GP) referrals to  
cardiology outpatients at Health New Zealand – Te 
Whatu Ora Waitematā. The general principles and 
approach discussed have the potential to scale 
and extend more widely to other districts and 
specialities.

Keeping pace with the number of outpatient 
referrals is challenging for hospital speciali-
ties. The challenges include the sheer volume 
of referrals, with their year-on-year increase  
(Figure 1), as well as the need for timeliness in 
investigating and treating.4 Some cardiology  
conditions carry a mortality risk, making prompt 
assessment important for more than quality of 
life reasons alone. AI and conventional decision 
support techniques have the potential to assist, 
and we examine how current processes could be 
adapted for such deployment.

Many decision support tools could be applied to 

this problem. We have chosen two techniques that 
are particularly illustrative for clinicians seeking 
to understand the available options. There are 
many other tools available that could be applied 
to this problem.

The two techniques used for illustration are 
human-designed decision trees and contempo-
rary machine learning (ML). They are at opposite  
ends of the complexity spectrum of avail-
able methods. We suggest that, by employing 
two complementary approaches, the power of  
contemporary, sophisticated ML is harnessed 
while ensuring clinical safety through a simpler, 
more transparent technique, particularly during 
the initial deployment. 

This viewpoint first defines relevant terms, 
then describes the current process for handling 
outpatient referrals, followed by a discussion of 
barriers to implementing decision support. We 
then describe a possible approach to address-
ing these issues by combining decision support 
techniques in a stepwise process. The aim is 
to maintain patient safety at every stage of the 
development process, yet culminate in maximis-
ing the benefit from contemporary sophisticated  
decision support tools. Our findings and proposals 
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are informed by a survey of GP views (Appendix 2) 
and an analysis of declined referrals (Appendix 3).

This is an account “from the trenches” designed 
for the non-expert; a comprehensive position 
paper is available.3

Definition of terms
Decision support: decision tree versus ML

A decision tree (flow chart) can help GPs  
provide all relevant information by using  
structured questions. A decision tree breaks the 
decision into a series of simple “yes/no” questions, 
as per the examples in Appendix 4. The transpar-
ency of the decision process makes the tree educa-
tional for users. By forcing a stepwise assessment, 
the chart ensures that referrals are graded on a con-
sistent set of criteria, thus reducing the variation 
that occurs between human triagers.

A ML model would learn from a large data-
set of past referrals that have an agreed triaging  
decision. The model can detect patterns too  
subtle or complex for a simple decision tree—
for instance, combinations of symptoms that, 
while individually mild, tend to lead to referral 
acceptance when seen together. Unlike the static  
decision tree, the ML model continues to learn 
as more referral and outcome data are fed in,  
making it adaptive and more accurate than rigid 
criteria. ML could either replace or augment the 
decision tree.

AI: ML compared with large language 
model (LLM)

ML refers broadly to algorithms that learn  
patterns from data to make predictions or classi-
fications. In contrast, LLMs are statistical systems 
trained on vast amounts of text and other unstruc-
tured data to generate language that resembles 
human communication. In medicine, ML might 
be applied to imaging or laboratory data to  
predict disease or identify abnormalities. In  
contrast, LLM can summarise patient records, 
draft clinical correspondence, provide natural 
language responses to medical queries or inter-
pret text entries.

ML models offer a significant advantage over 
traditional approaches because they do not 
require researchers to fully specify the structure 
of relationships in advance. Instead, they sift 
through data and detect subtle or unexpected pat-
terns that humans might never have anticipated, 
making them powerful tools for uncovering new 
insights. The trade-off, however, is that these  

models often operate as a “black box”, producing 
results without making clear why certain connec-
tions were drawn. This can lead to spurious or mis-
leading associations being treated as meaningful, 
including the embedding of existing biases. For 
this reason, while ML expands the frontier of what 
can be uncovered, oversight remains essential to 
interpret results responsibly and to ensure that 
identified patterns are both accurate and relevant. 
An ML tool with excellent average performance 
will still produce a small percentage of incorrect  
decisions, and these may be consequential for 
individual patients.5

The problem
Overview of outpatient service and staffing

The current referral process entails a GP making 
an electronic, largely free-text referral. Once 
registered by the booking and scheduling clerk, 
the triaging cardiologist either accepts (and prior-
itises) the referral or declines it. The clerks then 
act on these decisions. There are no automated 
decision aids.

Problems with the current triage service
Processing cardiology outpatient referrals  

consumes a considerable amount of resources. At 
Waitematā, nine doctors and one nurse do not keep 
pace with the triaging of referrals, which increase 
by 1,374 each year (see Figure 1). The number 
of clerical staff required for this manual pro-
cess is not quantifiable, as they are shared across 
departments. Clinical risk to patients increases 
with delays at every step, initially with referrals  
waiting to be triaged, then accepted referrals wait-
ing to be seen and finally seen patients awaiting 
subsequent investigations (Table 1). Automation 
with appropriate decision aids could expedite the 
triage of referrals and thereby reduce wait times 
and associated clinical risk.

However, the current free-text format  
delivers varying amounts of information. Triaging 
cardiologists want referrals to consistently con-
tain specific information relevant to the reason 
for referral. If automated decision aids are to be 
useful and trustworthy, this minimum dataset for 
every patient becomes mandatory.

Another issue with the current human-led 
service is the (understandable) variation in  
decisions between individual cardiologists (e.g., 
see variation in referral decline rates in Appendix 
3). This is despite regional recommendations on tri-
aging (Appendix 1). Automation has the potential  
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Figure 1: Number of cardiology outpatient referrals to Health New Zealand – Te Whatu Ora Waitematā, 2014–2023.

Table 1: Outpatient referral pathway.

Node Aim How to achieve aim

A) GP referral

Capture information that is structured and 
adequate

Information fields filled by clicks and drop-
downs, or by voice recognition

Facilitate GP efficiency GP dashboard

B) Referral triage

Increase appropriate declines and 
acceptances

Iterative development of algorithms/deci-
sion trees 

Facilitate triager efficiency Triager dashboard

C) Accepted referral
Increase proportion of FSA done at triage 
(combined triage and non-contact FSA)

Incentivise triagers

D) Clinic FSA
Reduce need for follow-ups

More remote evaluations

Incentivise contingent planning in initial 
FSA letter

Test novel approaches such as telehealth 
and biomarkers

Possible intervention points to improve the outpatient referral process and prepare the ground for AI: A) Instead of free text, 
decision trees capture an adequate amount of information in a structured way. Informational aspects are built in to assist GPs in 
determining what conditions and severity warrant referral. A dashboard containing representations of (and links to) all pertinent 
information on one screen enhances efficiency and reduces clicks per task. B) Decision trees are iteratively refined until they 
can reject or accept a proportion of referrals without human intervention. A dashboard allows triaging cardiologists to access 
relevant cardiac information for the patient more readily. C) Not covered in this study, but once referrals are accepted, a greater 
proportion of FSA are carried out as a virtual non-contact FSA by the triager providing written advice to the GP. Concluding the 
FSA at this stage avoids the bulge of referrals moving on to increase wait times for clinic FSA and procedures such as echocardi-
ography and Holter monitoring. D) Not addressed in this study. See text for details.
GP = general practitioner; FSA = first specialist assessment; AI = artificial intelligence.
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to reduce variability with its more consistent 
decisions better reflecting clinical risk. However,  
training a decision aid is best done with a library of 
referrals, each with an agreed reference decision.

A solution
Summary

We are concerned that applying black box ML 
to this dataset may be clinically risky without 
an intermediate step; for this reason, we suggest 
using human-designed decision trees. These two 
decision aids may prove complementary by feed-
ing back to each other. We acknowledge that any 
decision aid can make mistakes, and the process 
needs to be structured to minimise the impact on 
individual patients. Table 2 explains some of the 
important concepts. Other suitable options, such 
as “explainable” AI, are not considered here.

Information from GPs that is sufficient 
and structured

Our illustrative strategy involves a first step of 
generating, for each patient, a sufficient minimum 
set of data relevant to the presenting symptom. 
The draft decision trees in Appendix 4 contain 
examples of relevant information for some com-
mon conditions; they will need to be further 
developed and improved. Taking chest pain as 
an example, it is essential to know whether it is  
exertional and whether it is accompanied by 
shortness of breath. Such a minimum dataset will 
help both the current human triagers and any 
subsequent automation. 

This specific information required by cardiol-
ogists for each condition could be obtained from 
GPs using a structured form using tick boxes 
(still with room for free-text additions). The 
information would then be digitally incorporated 
into the hospital information system, relieving 
clerical staff of the chore of (error-prone) manual 
entry.

Without the use of structured forms, those 
patients lacking the minimum dataset of infor-
mation are at risk of variable and erroneous 
decisions, whether made by humans or automa-
tion. It is not realistic to expect GPs to know what  
information specialists require. Our GP ques-
tionnaire found that only 29% of GPs are confident 
about the information required for a cardiology  
referral, and only 50% are confident about which 
conditions are typically seen by cardiology 
(Appendix 2). 

Only limited information (variables) can 

be requested from the GP to avoid the process 
becoming too time-consuming. However, GPs are 
increasingly using “AI medical scribes”, which 
may facilitate gathering more information with-
out them being overwhelmed. Nevertheless, there 
will always be substantial amounts of pertinent 
information missing from a referral. Some infor-
mation is currently unavailable because it has not 
yet been obtained (e.g., through a future Holter 
monitor or echocardiogram), while other details 
are missing because it would be unreasonable 
to expect GPs to provide too much information.  
Furthermore, individual patients will have 
uncommon factors that are idiosyncratically  
predictive for them but are not captured by any 
manageable process. Only a small fraction of the 
many relevant variables (dimensions) can be  
captured. These limitations mean that the train-
ing of any automation carries a risk to individual 
patients that needs to be managed carefully.

Agreed end points for training decision 
support

To train automated decision aids, a gold- 
standard decision is needed for reference.  
Currently, this doesn’t exist, as human triagers 
(being human) exhibit variability in their decisions  
(Appendix 3). Such variation needs to be elim-
inated to supply a gold standard or reference 
decision for automation training. This could 
be achieved by a small number of cardiologists 
reaching consensus on cases to develop and  
validate decision trees. Human oversight would 
need to be an ongoing, iterative process, as new 
cases challenge the algorithm, clinical practice 
changes and thresholds alter due to changes in 
resourcing.3 Below, we suggest that this onerous 
human oversight of ML may possibly be devolved 
to decision trees.

Going straight to ML may be problematic
ML learning in these sparse representations 

of high-dimensional data carries a risk of  
unpredictable outcomes, which is an unpalatable 
risk in clinical medicine.6 We suggest that success 
with ML will be more likely if the ground is pre-
pared before deployment. This could be achieved 
iteratively by first transitioning from free-text 
electronic referrals to a structured referral form 
that can support the implementation of decision 
trees, before considering full-blown black box ML 
(Appendix 4). The idea of having a transitional 
state of decision trees inserted between human 
triage and ML made even more sense when we 
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became aware that there had been a previous 
failed attempt at deploying AI to triage cardiology 
referrals at Waitematā.7 We have been unable to 
obtain further information and so do not know 
the reason for failure.7

Human-designed decision trees
Decision trees mimic how a cardiologist makes 

decisions. By making these thought processes 
explicit, transparent and fully explainable, deci-
sion trees will serve as a helpful bridge between 
human triaging and subsequent ML.

Decision trees function predictably with small 
numbers of variables, although at the expense 
of being biased.8 However, bias is easy to detect 
in decision trees, and their transparent nature 
allows identification and inclusion of the addi-
tional variables needed to mitigate the bias.

The act of cardiologists developing decision 
trees will facilitate the development of consensus 
reference decisions for subsequent training of ML.

Over time, decision trees may be able to replace 
humans in the task of ongoing oversight of ML 
decisions.

In a feedback loop, ML may identify new pre-
dictive variables that can then be incorporated 
into the structured questionnaire, enabling this  
variable to be obtained for all patients and thereby 
improving the predictive power of the ML.

Decision support makes mistakes
Like humans, any automated decision  

support will make mistakes. It may be that, as with 
self-driving cars, society will be less tolerant of 
automation error than of human error.9 Decision  
trees exemplify the concept of “satisficing”, which 
is finding a good-enough solution when it is not 
practical to find the optimal solution.10,11 They 
may work better than ML when there are many 
unknown variables (as here).12 In this setting, 
their output is more predictable than ML and 
more readily modified.3,12 Simple decision trees 
mimic the decision making of legal judges sur-
prisingly faithfully and may perform similarly for 
cardiologists, regardless of how sophisticated we 
view our own decisions as.12

Decision trees or ML can only ever be  
“probably approximately correct”5 when  
evaluated on large numbers of patients. That 
means that decisions on individual patients 
have the potential to deviate sufficiently to be a  
clinical safety issue. At the outset, the error bounds 
for both the approximation and the probability 
are unknown, hence the need for oversight. We 

believe the human-designed decision trees provide 
the necessary safety, at least for the initial stages. 
Their deployment is carried out in a stepwise  
fashion, allowing for iterative refinement with 
minimal clinical risk and helping to maintain  
clinician trust.3 Regardless, some misclassification  
will occur at the conceptual level due to the  
challenge of crystallising the diversity of human 
symptoms into binary variables. However, if 
data collection is digital, misclassification due 
to data entry errors and data handling will be 
minimised.13

At the opposite end of the spectrum are the 
black box forms of ML, where it is not possible 
to explicate or understand the rationale behind 
the algorithm’s recommendation, or even which 
variables were used to predict the recommended 
outcome.

Sequence of deployment
ML is more powerful than decision trees, but, 

initially at least, it will be more prone to erratic 
and deviant results, given that the available  
information is sparse. ML needs a library of  
reference decisions before it can be trained.

Structured forms will provide more complete 
information, which is a necessary condition for any 
automation. Initial deployment of decision trees 
would be alongside, but invisible to, the human 
triagers. The discrepancies between human and 
algorithmic outcomes will be reviewed, and 
the algorithm will be refined accordingly. Next, 
the tree results are made visible to the human  
triagers for further refinement. Finally, a decision 
is made on whether some classes of referrals can 
be accepted or declined solely by the algorithm. 
There will be an indeterminate group where 
acceptance or rejection will need human input. 
Further iterations are performed to minimise 
the size of this indeterminate group. However,  
indeterminate presentations should never fall 
to zero, as there will always be complex and 
poorly differentiated cases. Forcing these into the  
algorithm risks misclassification. 

Declined referrals should be accompanied by 
standardised information to the GP on why the 
referral was rejected, together with suggestions 
for management. This will assist the 42% of GPs 
who perceive that a referral has been declined 
inappropriately, and it functions as a just-in-time 
education tool for the GP referrer (Appendix 2).14

The next step is to train the ML model on the 
entire content of the referral, including both struc-
tured information and free text. This latter may be 
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extracted by an LLM and fed into the ML algorithm. 
The LLM output is a probabilistic tool (i.e., it may 
give a different result each time it is fed the same 
information) and so adds an additional element 
of unpredictable variation that needs oversight to 
ensure the safety of individual patients.

It may be most useful for the decision trees 
and ML to proceed in parallel. If the ML identifies  
novel variables, these could be fed back and 
incorporated into the decision trees. As clinical 
safety is assured, increasing weight can be given 
to ML, which should eventually overtake the  
decision tree in its predictive ability.

Limitations
The current Auckland Region eReferral  

system is not suited to our proposals. We under-
stand there is a project to review and upgrade the 
software, which will be more suited to deliver the 
dashboard views (Appendices 2 and 3).

This report is on the current system for  
referral triaging. However, this is embedded 
within the larger New Zealand health IT infra-

structure, and the need for compatibility will 
influence which solutions are most appropriate.

The decision tree concept was developed with 
support and input from the Waitematā cardiology 
liaison GP, but has not yet been discussed more 
widely within the GP community. However, the 
orthopaedic service has successfully implemented 
decision trees with tick boxes and drop-down 
selections. Informal discussions with GPs indicate 
that they have accommodated the increased time 
required to complete the forms by scheduling a 
separate appointment specifically for the ortho-
paedic referral. They see an advantage in the 
form, as it provides an immediate answer as to 
whether the patient qualifies for joint replace-
ment surgery and at what priority. This enables 
real-time discussion between the GP and the patient 
about the reasons for acceptance or rejection.  
GP practice software will need to incorporate 
the decision trees and AI software, which will 
take time to implement. It may also be helpful to  
incorporate the existing GP guidelines (“health 
pathways”) into this software, providing more 

Table 2: Elements of automated decision support for GP referrals.

Term Description

Structured information
Required for whatever decision support method is chosen. Provides a mini-
mum dataset, which makes ML predictions less variable and facilitates more 
rapid training of AI.

Human-designed decision trees 
(transparent predictions)

Designing these will facilitate cardiologists’ consensus in the development 
of reference decisions for training ML.

Can be improved iteratively as cases are encountered that don’t fit the  
current tree decision.

Contain domain knowledge of cardiologists that can frontload the training 
of MI.

Can replace human oversight of ML decisions.

Interacts in a continuous feedback loop whereby new predictors from ML are 
added to the decision tree, which then provides a more complete dataset on 
every patient. This makes ML predictions more consistent and reliable.

Machine learning (opaque 
predictions)

Extends the predictive power of decision trees by incorporating free-text 
information contained in referrals.

Identifies new predictors that are then incorporated in the structured  
questionnaire, thus improving the minimum dataset obtained on each 
patient.

GP = general practitioner; ML = machine learning; AI = artificial intelligence.



New Zealand Medical Journal 
Te ara tika o te hauora hapori

2025 Dec 12; 138(1627). ISSN 1175-8716
https://www.nzmj.org.nz/ ©PMA 

viewpoint 102

ready access to advice.14

Insufficient information is available for a  
quantitative cost–benefit analysis. There are 
alternative approaches to this problem, utilising 
different automation tools. We view the approach 
outlined here as particularly illustrative for those 
unfamiliar with decision support tools.

Conclusion
There are many opportunities for AI to assist 

healthcare. This viewpoint examines the potential 
for automated decision support, including AI, to 
assist in triaging GP referrals. It has the potential 
to improve efficiency, reduce personnel require-
ments and provide more consistent decisions 
when compared with human triagers. We review 

an approach that is illustrative for those unfamiliar 
with decision support, while acknowledging that 
other options will be suitable. 

The volume of GP referrals is substantial and 
poses significant challenges. However, two steps 
are required to prepare the ground for automa-
tion. Firstly, adequate information is crucial, 
especially for black box ML. A minimum dataset 
is necessary for every patient, which requires 
switching to a structured referral form instead 
of free text. Secondly, a library of historical  
referrals with reference (gold standard) decisions 
is needed for the training of automation.

We suggest that human-designed decision trees 
can complement contemporary black box ML by 
mitigating the risk of erroneous decisions that 
may affect the safety of individual patients.
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Appendix 2: outpatient cardiology referrals—a survey of views held by general 
practitioners (GPs)
Methods

A convenience sample of GPs within Waitematā completed an anonymous Google survey of their 
views on the current cardiology referral process. Auckland Health Research Ethics Committee approved 
the project (AH28636). When the authors were fielding phone calls from GPs during their clinical work, 
they invited each caller to participate in the survey. It was anonymous by design so as to encourage 
participation; therefore, no information is available on the profile of practices who participated.

Data analysis
This is a descriptive study. Responses are reported as percentages. There was no comparator group, 

and numbers were too small for statistical analysis.

Results: questions and response rates

1.	 How many years have you been practicing as a general practitioner? 

Twenty-four GPs answered the questionnaire. Years in practice ranged from 1 to 40 years, with most 

2–4 years and 36–40 years. Most (61%) referred to cardiology monthly, and 39% referred weekly.

2.	 How often do you refer to cardiology outpatients?

□	 Daily 
□	 Weekly 
□	 Monthly 
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3.	 Do you feel confident about which conditions and presentations cardiology sees and which it does 
not?  

□	 Yes
□	 No 
□	 Sort of 
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Only half are confident about which conditions and presentations were seen by cardiology.  

4.	 Would it be helpful to have on the front page of the referral portal a list of the conditions we see 
and those we don’t see?

□	 Yes 
□	 No

The majority (75%) would like a list on the referral portal of which conditions cardiology accepts and 
suggestions/links where to refer other conditions.

5.	 Can you tell the current wait time to be seen in cardiology or have a cardiology procedure? Yes/no 

	 Is it quick and easy? Yes/no
	 Would it help to have this info more readily available? Yes/no
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Most (83%) GPs cannot access the current wait times for clinic, with 96% wanting this information to 
be more readily available. 

6.	 Can you access cardiology letters and reports? Yes/no

	 Is it quick and easy? Yes/no
	 Would it help to have this info more readily available? Yes/no
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All respondents could access cardiology reports and letters, and it was quick and easy for 61%. Yet 
79% felt it could be more accessible.
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7.	 Do you know what information cardiology requires to assess your referrals? 

□	 Yes 
□	 No 
□	 Sort of 

Only 29% felt confident about the information required for cardiology to triage a referral. 

8.	 What resources do you use to assist with management of cardiology patients? 

Please tick the resources that you have heard of:
□	 Regional cardiology guidelines
□	 NZTA guidelines
□	 Health pathways
□	 Other: 

9.	 Please tick the resources that you use:

□	 Regional cardiology guidelines
□	 NZTA guidelines
□	 Health pathways
□	 Other: 

10.	If you use health pathways for cardiology advice—rate its usefulness: 

[Not at all useful] 1, 2, 3, 4, 5 [Extremely useful]
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11.	How can health pathways be improved? 

Prominent on GP respondents’ wish lists were shorter wait times and better availability of  
investigations (45%), quicker specialist advice (21%) and more comprehensive referral guidelines 
(health pathways) (29%).

12.	Do you prefer obtaining the information you need via online resources or sending referrals to 
cardiology?

When it comes to preferred resources for cardiology issues, GPs were divided. Some relied on  
referrals to cardiology (33%), others used online resources (25%), and a significant portion used both 
(38%). Health pathways emerged as the most popular online resource, with 92% of respondents using it. 
However, not all found it helpful, as indicated by the responses to questions 10 and 11 above.

13.	How could the cardiology referrals process be made easier?
14.	What else would make it easier for GPs to access the information they need to manage 

cardiovascular conditions? 

 GPs’ suggestions for improvement included flow charts, more explicit referral guidelines,  
surveillance information and information on cardiac medication. Notably, many GPs preferred succinct 
information, highlighting the need for simplicity and clarity in the referral process. 

15.	Is the cardiology referrals grading/decline consistent, or does it seem variable/random? (Circle)

□	 Consistent 
□	 Variable/random 
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Inconsistent referral grading had been experienced by 38% of respondents. 

16.	Have you ever had a cardiology referral inappropriately declined? And does this happen often?

	 Inappropriately declined? Yes/no 	
	 Does this happen often? Yes/no
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Less than half (42%) had a referral declined inappropriately, but this was infrequent (8%).

Discussion
It is a struggle for triaging cardiologists to keep up with the volume of referrals. The cardiologist 

shouldn’t deal with those that can be handled clerically, and it would help to provide the GP with direct 
access to relevant information. A GP comment highlighted a perverse incentive in the current system. 
Sending a referral requesting a cardiologist to provide the result of a Holter monitor test (four mouse 
clicks) is easier than finding the report online (eight mouse clicks, including a log-in page). Streamlining 
the system to make it easier for GPs to find information themselves will benefit all parties. We under-
stand that more information is being made accessible to GPs but note that GPs cannot always find available 
information. One reason is the so-called “friction” in the navigation process. Other reasons need to be 
explored.

An option to improve accessibility to GPs is to compile relevant links on a single dashboard page, like 
the Snapshot used for Health New Zealand – Te Whatu Ora Waitematā inpatients (Appendix 2 Figure 1). 
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The aim is to reduce the number of declined referrals by providing GP referrers with more information 
and easier access to that information.

It is suggested that the dashboard have single-click links to the following:

•	 List of conditions seen by cardiology.
•	 List of conditions frequently referred to cardiology incorrectly, with links to the correct recipient.
•	 Current list of approximate wait times for clinic and investigations.
•	 Regional guidelines on follow-up intervals for surveillance of valvular lesions and dilated aortas 

(have now been posted).
•	 Patient-specific information:

	◦ Pending referrals and appointments.
	◦ Recent encounters (inpatient/outpatient).
	◦ Results of recent cardiac investigations.

Limitation
Only 24 GPs were surveyed. Greater numbers would give more confidence in the findings.

Conclusion
The GPs canvassed had positive views on aspects of the referral process but wanted more guidance 

on who and when to refer. They desired information on waiting times and better access to patient  
information held by the hospital. Options for improvement are discussed.

Appendix 2 Figure 1: Example of the current Snapshot page for Waitematā inpatients.
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Appendix 3: audit of declined outpatient cardiology referrals
Introduction

Some declined referrals may be wasteful when they invoke fruitless time and effort by the referring 
general practitioner (GP) and triaging cardiologist. This can be a type of inefficiency (or “churn”). We 
catalogue reasons for referral rejection. Auckland Health Research Ethics Committee approved the project 
(AH28636).

Methods
Administrative coding proved inaccurate (which suggests caution about deploying artificial intelli-

gence [AI] on such a data source). Between 3 January 2022 and 28 November 2023 (22 months), there 
were 3,505 referrals with a clerical categorisation of “declined”. Reviewing individual patients’ records, 
the total fell to 3,145, and these were manually categorised according to the reasons for referral and 
rejection.

Results
Clinical reason for referral

Palpitations comprised the largest volume of declined referrals (25%), followed by chest pain (10%) 
and valvular (10%) (Table 1).

Appendix 3 Table 1: Declined GP referrals; reason for referral.

Disease category Frequency Percent

Palpitations/brady/ECG 786 25

Other 646 21

Chest pain 321 10

Murmur/valvular 315 10

AF/flutter/SVT 244 8

Heart failure 241 8

Risk factor management 153 5

Hypertension 152 5

Breathlessness 139 4

Syncope/presyncope 96 3

Dilated aorta 28 0.9

Cardiomegaly 17 0.5

Not a GP referral 7 0.2

GP = general practitioner; ECG = electrocardiogram; AF = atrial fibrillation; SVT = supraventricular tachycardia.
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During the time period, there was a total of 28,496 GP referrals. Only 49% were categorised, and we 
did not manually confirm the category of those that were. Roughly, the clerical reasons for referral were: 
chest pain 58%, palpitations 19%, breathlessness 8%, murmur 7% and heart failure 5%.

GP referral rates

The number of rejected referrals made by individual GPs varied from 27 to one (Figure 1). The median 
was two, and the mode was one. Little can be inferred from these data without knowing how many 
patients each GP sees.

Reason for referral rejection

Appendix 3 Table 2: Declined GP referrals; reason for being declined.

Reason for decline Frequency Percent Avoidable

Bespoke advice or 
interpretation

765 24

Admin transfer to another 
service

555 18 Possibly

Relevant booking pend-
ing, no change to priority

394 13 Possibly

Generic advice given 297 9 Possibly

More information 
requested

248 8 Possibly

Figure 1.
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The reasons for the referral being declined are in Table 2. The “more info requested” category is  
usually a request for an ECG. The commonest “bespoke advice” is for the duration of dual antiplatelet ther-
apy, followed by lipid management, other medication, surveillance of aortic dilation, and anticoagulation.

“Admin transfer to another service” is the biggest category of possibly avoidable referrals. Many 
of these are palpitations transferred to general medicine, and hypertension transferred to the renal  
service. Such transfers don’t relieve the overall demand for hospital services.

Avoidable referrals
We defined “possibly avoidable” referrals as those that would not need to be dealt with by a cardiologist  

if simple measures were instituted, such as: providing GPs with access to more information such as 
where to refer certain conditions, thresholds for referral of specific conditions, easily accessible results 
of investigations and the current appointment status of patient. We deemed 1,936 (62%) of declined 
referrals potentially avoidable (Figure 2). These included: “sent to wrong service” (24%), “already has 
appointment” (13%), “does not require review” (10%), “inadequate information” (8%), “seen since 
referred” (6%), “relevant results sent” (5%) and “duplicate referral” (2%). These are a drag on the  
efficiency of the triage process, increasing workload for clerical and clinical staff, with an ultimate 
adverse impact on patient care.

Seen/admitted since 
referred

179 6 Possibly

Relevant results 
communicated

170 5 Possibly

Other 126 4

Communication for filing 115 4

Referral declined but pro-
cedure ordered

105 3

Duplicate referral 60 2 Possibly

Referral not declined 33 1

Advised to refer else-
where, bespoke

32 1

Follow-up advice as per 
regional valve, aorta 
guideline

33 1 Possibly

Relevant booking pend-
ing, priority increase 
requested

23 0.7

Patient uncontactable 10 0.3

Appendix 3 Table 2 (continued): Declined GP referrals; reason for being declined.
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Patient outcomes after a declined referral
Twenty-four patients (0.8%) died within 90 days of a declined referral. Four patients died at −7, 1, 

1 and 2 days after referral, suggesting that rejection of the outpatient referral could not have influ-
enced the outcome. Review of the referrals for patients who subsequently died was not informative. The  
numbers are small and the information contained in the referrals was variable and often succinct, 
although not different from the referrals for patients who did not die. It is anticipated that changing 
from free-text referrals to the collection of structured information appropriate to the particular clinical 
indication will allow informative audit of adverse events. The learnings can then be used to iteratively 
refine the choice of variables collected and the decision thresholds for rejection.

Hospital admissions as adverse event were not assessed but should be part of the ongoing audit that 
iteratively improves future collection of structured data.

We did not manually assess re-referrals. The following data from the administrative coding provide 
ballpark estimates:

•	 60% (1,245) of declined referrals do not get re-referred
•	 2/3 (826) subsequent re-referrals are accepted 

As an observation, if the accepted referrals had adequate information to be accepted the first time, 
that would be 413 fewer referrals to process on this basis alone. Even declining a referral requires 
opening several windows in the electronic medical record. Each has a lag time, which is worse during 
working hours. Therefore, getting the correct information upfront saves a worthwhile amount of time.

Cardiologist variability in rejection rate
Cardiologist decline rates varied widely from 14% to 47%. Variability is an adverse indicator of health-

care quality. Its reduction is the specific goal of recent national initiatives.1–5

Six doctors with more than 10 years of clinical cardiologist experience had a decline rate of 26%, and 
four cardiologists with less than 10 years of experience had a rate of 17% (Figure 4). These numbers are 
too small for statistical analysis.

The decline rate was unrelated to the cardiologists’ triaging volume (Figure 3).

Figure 2.
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The decline rate is not related to the triaging cardiologists’ overall volume.

Figure 3.

Figure 4.
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Under-resourcing causes more work via positive feedback
Anecdotal experience has always been that when patient delays increase, there is a concomitant 

increase in referrals solely due to the delays. The category “relevant booking already pending” com-
prises a fifth of potentially avoidable referrals and is due to delays in patient investigations. In addition, 
the category “other” contains a proportion of procedures that have yet to be reported. Similarly, the 
frequency of “request increased priority” is likely related to waiting times. These are examples of how 
busyness begets busyness, potentially leading to a spiral of increasing delays and inefficiencies.

Limitations
Some people with functional or non-cardiac symptoms (palpitations, chest pain) may benefit from  

a normal cardiology work-up and subsequent cardiologist reassurance. We acknowledge this, but the 
current body of work is driven by an inability to service demand with available resources. Accordingly, 
the consensus was to design systems that sift out organic heart disease. Being swamped with other 
patients will delay us seeing patients for whom we may reduce the risk of serious events.

Discussion
This study focussed on declined referrals for two reasons. From a behavioural aspect, removing 

unnecessary referrals gives the triaging cardiologist more time to devote to necessary referrals. More 
importantly, the analysis of declined referrals provides a window into the shortfalls and inefficiencies 
in the overall referral process.

The job of the triaging cardiologist could be facilitated by a “cardiologist triager’s dashboard”,  
similar to the Snapshot used for Health New Zealand – Te Whatu Ora Waitematā inpatients. It is a single 
page containing relevant single-click links to facilitate and speed up the cardiologist’s task of triaging 
referrals.

Such a page should contain single-click links to:

•	 Pending referrals and appointments.
•	 Recent encounters (inpatient/outpatient) with emphasis on those that have occurred since the 

date of referral—it is not uncommon for the patient to have been admitted since the referral was 
made. At present, this information is not quickly available to the triager, resulting in time wasted.

•	 Results of recent investigations, including laboratory, radiology and cardiology.

Conclusion
Most declined referrals were possibly avoidable altogether, mainly by providing GPs with ready 

access to information. There is no signal of harm from a declined referral, and most declined referrals 
are not re-referred. The decline rates vary between triaging cardiologists, suggesting practice standard-
isation is needed. Suggestions are made to improve the process.
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Appendix 4: draft decision trees for illustrative purposes
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