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Abstract. Recombinant human growth hormone (r-hGH) is an established therapy 

for growth hormone deficiency (GHD); yet, some patients fail to achieve their full 
height potential, with poor adherence and persistence with the prescribed regimen 

often a contributing factor. A data-driven clinical decision support system based on 

“traffic light” visualizations for adherence risk management of patients receiving r-
hGH treatment was developed. This research was feasible thanks to data-sharing 

agreements that allowed the creation of these models using real-world data of r-hGH 

adherence from easypod™ connect; data was retrieved for 11,015 children receiving 
r-hGH therapy for ≥180 days. Patients’ adherence to therapy was represented using 
four values (mean and standard deviation [SD] of daily adherence and hours to next 

injection). Cluster analysis was used to categorize adherence patterns using a 
Gaussian mixture model. Following a traffic lights-inspired visualization approach, 

the algorithm was set to generate three clusters: green, yellow, or red status, 

corresponding to high, medium, and low adherence, respectively. The area under 
the receiver operating characteristic curve (AUC-ROC) was used to find optimum 

thresholds for independent traffic lights according to each metric. The most 

appropriate traffic light used the SD of the hours to the next injection, with an AUC-
ROC value of 0.85 when compared to the complex clustering algorithm. For the 

daily adherence-based traffic lights, optimum thresholds were >0.82 (SD, <0.37), 

0.53–0.82 (SD, 0.37–0.61), and <0.53 (SD, >0.61) for high, medium, and low 
adherence, respectively. For hours to next injection, the corresponding optimum 

thresholds were <27.18 (SD, <10.06), 27.18–34.01 (SD, 10.06–29.63), and >34.01 

(SD, >29.63). Our research indicates that implementation of a practical data-driven 
alert system based on recognised traffic-light coding would enable healthcare 

practitioners to monitor sub-optimally-adherent patients to r-hGH treatment for 

early intervention to improve treatment outcomes. 
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1. Introduction 

The use of r-hGH therapy to improve growth outcomes in children is well-established 

[1]. However, long-term studies have reported that patients often fail to achieve their full 

height potential [2], with sub-optimal adherence to r-hGH medication and poor 

persistence with the prescribed regimen considered major contributing factors [1, 3]. 

Historically, FAIR Principles [4] have relied upon clinical databases. However; 

there is potential to create new data-driven applications from patient-generated data [5]. 

In this study, we show how using the principle of responsible data-sharing [6] allowed 

creation of new innovations in data-driven applications for connected medical devices.  

Digital health devices that monitor treatment adherence have the potential to 

improve patient/caregiver engagement and clinical outcomes [7]. For patients receiving 

r-hGH treatment (somatropin; Saizen®, Merck Healthcare KGaA, Darmstadt, Germany), 

the easypod™ auto-injector device, in combination with easypod™ connect, allows 
automatic recording and real-time data transmission of the date, time, and dose injected 

[8] enabling healthcare professionals to monitor patient adherence and growth outcomes. 

Data from connected devices has also contributed to the development of machine-

learning algorithms to predict adherence behavior in multiple therapy areas [9-11].  

Traffic light visualizations can help to guide and improve clinical decisions through 

the use of an established association between colors and related therapy signals which 

have been applied in multiple therapy areas [12, 13]. The concept of patient management 

through traffic light coding has also been successful in an emergency room setting, where 

the use of a three-tier urgency code helped prioritize patients for intervention [14].  

2. Methods 

 
Figure 1. Methodological overview (with each step referred to hereafter). 

Adherence data (date and time of injection, injected dose, prescribed dose) from 

easypod™ connect were collected from 11,015 children receiving r-hGH for ≥180 days 

from January 2007–June 2019 (Figure 1, Step 1). Individual daily adherence was 

calculated: daily injected dose/daily prescribed dose (Figure 1, Step 2). 

To determine injection consistency based on timing, ‘hours to next injection’ was 
computed using two daily signals (adherence and hours to next injection), aggregated 

with two metrics, the mean and SD of each patient during 180 days of r-hGH treatment. 

Patients’ adherence to therapy was represented using a total of four values (mean and SD 

of adherence, and mean and SD of hours to next injection) (Figure 1, Step 3). 
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2.1. Model design and definition of adherence thresholds 

Cluster analysis was used to categorize adherence patterns using a Gaussian mixture 

model, implemented in the Python 3.7 library, scikit-learn 0.23.1 [15]. Patient data were 

normalized using a z-score normalization (Standard Scaler) for each metric. To define a 

traffic light-based system, three clusters were assigned in the clustering algorithm under 

the assumption that, if three patient groups were distinguishable, adherence patterns 

between clusters would be well-defined. Thus, each cluster should present a considerably 

different mean adherence level followed by different values of adherence SD and mean, 

and SD of hours to next injection (Figure 1, Step 4). 

In total, four traffic lights were computed, one for each aggregated feature per patient, 

for which, two thresholds were used to define green, yellow, or red alert status 

corresponding to high, medium, and low adherence, respectively. To define the pair of 

thresholds (mean and SD) for each feature, we generated 10,000 synthetic samples from 

the fitted Gaussian distribution, representing patients that cover the model’s feature 

space: 6,248, high adherence; 2,824, medium adherence; and 928, low adherence. For 

each feature/traffic light, 50 possible thresholds from values of the synthetic samples 

were randomly selected. All possible pair-wise combinations of thresholds were 

evaluated to define the three clusters previously defined by the more complex clustering 

algorithm. The best pair of thresholds represent when to signal green, yellow, and red for 

each feature. The area under the receiver operating characteristic curve (AUC-ROC) was 

used to determine optimum thresholds based on higher values (Figure 1, Step 5). 

3. Results 

The mean age of patients was 10.2 years (SD, 3.1); 58% were male and 42% female. 

3.1. Defined adherence clusters 

A Kruskal-Wallis H-Test was performed which ensured the metrics significantly differed 

across clusters (p<0.01). Cluster distribution is presented in Table 1. 

Table 1. Cluster centroids based on daily adherence and hours to next injection 

Recorded Signal Aggregating 
Metric 

Cluster Centroids 
High  

(n=6810, 62%) 
Medium 

(n=3186, 29%) 
Low  

(n=1019, 9%) 

Daily adherence 
Mean 0.92 (0.07) 0.72 (0.13) 0.46 (0.32) 

Standard deviation 0.32 (0.17) 0.48 (0.10) 0.47 (0.21) 

Hours to next injection 
Mean 25.58 (1.45) 28.38 (2.21) 42.84 (22.72) 

Standard deviation 5.41 (2.80) 14.93 (6.86) 196.58 (309.48) 

3.2. Traffic light thresholds 

The traffic light threshold values that best categorized patients according to high, 

medium, and low adherence for each metric are shown in Table 2. Patients with mean 

daily adherence of >0.82 trigger the green light, 0.53–0.82 the yellow light, and <0.53 

the red light. In another example, considering the mean of hours to next injection, the 

best thresholds were 27.18 and 34.01, where values of <27.18 trigger the green light, 

27.18–34.01 the yellow light, and >34.01 the red light. Table 2 also presents the AUC-
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ROC score to verify the performance of each traffic light while defining the three groups. 

The highest AUC-ROC value was 0.85 for the SD of the hours to next injection; thus, 

this is the traffic light that most resembles the prediction of the clustering algorithm. 

Table 2. Traffic light thresholds and their corresponding discriminating capability (AUC-ROC) 

Recorded Signal Aggregating 
Metric 

Traffic Lights Thresholds 
AUC-ROC Low  

(Red) 
Medium 
(Yellow) 

High 
(Green) 

Daily adherence 
Mean <0.53 0.53–0.82 >0.82 0.82 

Standard deviation >0.61 0.37–0.61 <0.37 0.68 

Hours to next injection 
Mean >34.01 27.18–34.01 <27.18 0.80 

Standard deviation >29.63 10.06–29.63 <10.06 0.85 

4. Discussion 

This work is aligned with the need for further research into the visualization of data-

driven applications [16]. Considering the cluster centroids detected by the model, higher 

SDs of both daily adherence and hours to next injection metrics were found in the lower 

adherence groups, suggesting that consistency is a key factor in distinguishing high and 

low adherence groups. Moreover, the high adherence group had an average mean daily 

usage of 0.92 (SD 0.07), reinforcing previous findings which classified 0.85% as the 

threshold defining good adherence to r-hGH therapy [3].  

From the four proposed traffic lights, the SD of hours to next injection and mean 

daily adherence had a higher AUC-ROC. Thus, administering injections around the same 

time each day plays an essential role in maintaining high adherence to treatment and 

could serve as an important traffic light to alert clinicians to have discussions with 

patients/caregivers to mitigate the risk of sub-optimal adherence and, consequently, 

improve therapy effectiveness [2].  

Study limitations include the small set of features used to create the traffic lights. 

Additional aggregating metrics, longitudinal data, and demographic information could 

be used but would also result in additional traffic lights. A filtering mechanism may be 

necessary, highlighting only the most useful traffic lights. It is recognized that other 

clustering algorithms (e.g. deep learning and time-series-based clustering algorithms) 

could be applied but with reduced model interpretability. Future work should evaluate 

whether the traffic lights would be meaningful for time frames beyond ≥180 days. 
Figure 2 shows the proposed application of the traffic lights, where three out of four 

traffic lights correspond to good therapy use. However, the patient data triggers a red 

light for ‘Hours to next injection SD’; and investigation is strongly recommended.  

 
Figure 2. Fictional example showing applicability of traffic light-based thresholds. 
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5. Conclusions 

Our novel framework utilizes a clustering approach to categorize patients based on their 

r-hGH therapy adherence levels, as determined from data from easypod™ connect. The 

proposed traffic light alerting system serves as a practical tool for therapy personalization 

to support optimal growth outcomes. Additional formative human factor studies and 

subsequent validation studies with healthcare professionals are warranted to understand 

how far the presented traffic light system might support clinical decision making. 
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