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Abstract. Zoning classification is a rating mechanism, which uses a three-tier color 

coding to indicate perceived risk from the patients’ conditions. It is a widely adopted 
manual system used across mental health settings, however it is time consuming and 

costly. We propose to automate classification, by adopting a hybrid approach, which 

combines Temporal Abstraction to capture the temporal relationship between 
symptoms and patients’ behaviors, Natural Language Processing to quantify 

statistical information from patient notes, and Supervised Machine Learning Models 

to make a final prediction of zoning classification for mental health patients. 
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1. Introduction 

Mental health (MH) is the biggest cause of disability in the UK: its estimated economic 

and social cost of £105.2 billion annually contributes up to 22.8% of the total expenditure 

[1]. Identifying, assessing, and mitigating mental health risk factors holds the potential 

to reduce the cost burden by correctly proportioning interventions according to the 

assessed risk. UK mental health trusts (MHTs) use a mostly evidenced-based manual 

process for zoning classification, a clinical assessment of risk factors to assign patients 

to zones using established zoning criteria [2]. This provides essential and pragmatic 

support to the Health Care Professionals (HCPs) who are required to regularly assess, 

implement, and evaluate the treatment plans of the MH patients in their care. In this study 

we introduce an automated framework to facilitate the design and development of an 

evidence-based decision support tool to predict and inform MH zoning classification. 

Patients are diagnosed as suffering from one or more MH conditions as described 

by the International Classification of Diseases Version 10 (ICD-10) [3]. Within each 

ICD-10 category a patient may experience a series of symptoms and behaviors, each with 

defined start and end time points (episodes), of varying intensities that describe the 

severity of the impact the episode has on the patient’s wellbeing. By combining episode 

profile of ICD-10 descriptors, intensity, and environmental triggers, a time-based overall 

descriptor of patient acuity can be derived. The zoning process aims to classify the patient 
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into one of three risk levels (Red: High; Amber: Medium; and Green: Low), based on a 

set of guidelines that map changing patient acuity to changing risks, during regular 

meetings, where discussions of patient condition relative to risk ensure that appropriate 

care management plans are in place. However, issues were identified regarding the 

current zoning approach. First, there is no real time reflection of caseload and patients’ 

risk profiles. Second, manual assessments are resource intensive. Third, subjective 

assessment can result in inconsistent ratings. Fourth, manual practices impede on optimal 

sharing of this key information with all staff. 

There are various approaches to extract clinical data for automated predictions from 

Electronic Health Records (EHRs). A hybrid approach comprising supervised Machine 

Learning (ML), rule-based annotation, and unsupervised natural language processing 

(NLP) for identifying disorder mentions achieved a 0.776 F-score [4]. Zhang et al. [5] 

proposed a system incorporating temporal modelling, and ML approaches for an early 

anxiety/depression detection framework. Neural networks and NLP were applied to 

predict the presence/absence of MH conditions using clinical notes [6]. NLP was used to 

capture severe mental illness symptoms from clinical text within discharge summaries 

[7]. Clinical data extraction divides into two categories: (a) ML and rule-based 

approaches, and (b) information extraction applications are both discussed in [8]. 

This research will investigate techniques required to develop a tool and assess the 

feasibility of its use within an NHS MHT, as a replacement/augmentation of the current 

system. The tool should have flexibility to allow Trusts to tailor it to their requirements. 

2. Methodology 

We propose a hybrid approach to build an automated decision support tool that will 

classify patient zoning stages, comprising a Temporal Model, an NLP Model and 

Supervised ML Model, as shown in Figure 1. Each model’s specific responsibilities and 

functionalities are discussed below. 

Figure 1. Hybrid approach for automated decision support tool to predict and inform zoning classification. 
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Both absolute time (the date and time of an event) and relative time (the intervals 

between events), respectively known as Point-based and Interval-based temporal 

approaches, are key elements of clinical data management. In this framework we propose 

using point-based temporal primitives, which are good for computation and more 

appropriate for the clinical reasoning process, to derive the Temporal Model, a temporal 

abstraction and representation of zoning classification. This shall feed the NLP Model, 

as shown in Figure 2. The NLP Model performs the following tasks: keywords extraction 

based on the Zoning Knowledge-based System (KBS); sentiment analysis (e.g., with the 

contextual window); and calculates statistical information about the zoning keywords. 

 

Figure 2. The NLP Model Process. 

 

Figure 3. The Supervised ML Model Process. 
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The Supervised ML Model, shown in Figure 3, reads the target keywords, sentiment 

analysis and statistical information from the NLP Model, generates required ML and 

prediction datasets, produces the final tuned ML model, and predicts zoning 

classifications. We will use several supervised ML algorithms, as have already been 

applied in medical information applications, e.g. logistic regression, decision tree, 

support vector machine, neural network, and random forest [9]. The output of each 

algorithm will be evaluated; one algorithm will be selected for the final development 

based on the evaluated results. 

3. Conclusion and Future Work 

In this paper we introduced a new conceptual framework using a hybrid approach, 

combining Temporal, Natural Language Processing, and Supervised Machine Learning 

Models for patient zoning classification in mental health. Ultimately, we will develop a 

real-time artificial intelligence-based zoning classification tool for treatment of mental 

health patients, in collaboration with domain users (e.g., doctors, nurses, other HCPs and 

ex-patients) to ensure the project meets their needs whilst applying our proposed hybrid 

approach. 
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