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Summary 

Background. Despite the wealth of information carried, the periodic brain monitoring data is often incomplete with significant 

amount of missing values. Incomplete monitoring data is usually discarded to ensure purity of data. However, this approach leads to 

the loss of statistical power, potentially biased study and great waste of resources. Thus, we propose to reuse incomplete brain 

monitoring data by inputing the missing values --- a green solution! To support our proposal, we conducted a feasibility study to 

investigate the reusability of incomplete brain monitoring data based on the estimated imputation error. 

Material & Method. 77 patients, who underwent invasive monitoring of ICP, MAP, PbtO2 and brain temperature (BTemp) for more 

than 24 consecutive hours and were connected to a bedside computerized system, were selected for the study. In the feasibility study, 

the imputation error is experimentally assessed with simulated missing values and 17 state-of-the-art predictive methods. A 

framework is developed for neurointensivist and neurosurgeons to determine the best re-usage strategy and predictive methods based 

on our feasibility study. 

Findings. Our findings are that the monitoring data of MAP and BTemp is more reliable to be reused compared to ICP and PbtO2; and, 

for ICP and PbtO2 data, more cautious re-usage strategy should be employed. We also observed that, for the tested scenarios, the lazy 

learning method, K-STAR, and tree-based method, M5P, are consistently two of the best among the 17 predictive methods 

investigated in this study. 
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Introduction 

Background. Traumatic brain injury (TBI) (5) constitutes a large portion of the workload of neuro-critical care, and is a 

major cause of death and disabilities worldwide (23). The major challenge in TBI patient treatment is that the primary 

traumatic brain damage is often compounded by secondary pathophysiological insultsthat occur after trauma, during the 

patient’s stay in the intensive care unit (13). Many studies (17, 27) have demonstrated that secondary insults have 

significant effects on the mortality and recovery rates of TBI patients. Secondary insults can potentially be reduced and 
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prevented with with the help of continuous patient monitoring and timely interventions (8). Continuous brain 

monitoring of TBI patients has become a gold standard in most neuro-intensive care units (NICUs) (1, 18). 

Contemporary brain monitoring involves multiple global and local modalities, such as intracranial pressure (ICP), mean 

arterial pressure (MAP), brain tissue oxygenation (PbtO2), brain temperature (BTemp) (16, 24, 28-29). The periodic 

brain monitoring signals, which possess substantial physiological and pathological information, are extremely valuable 

for statistical analysis and knowledge discovery in clinical research (15). However, despite the wealth of information 

carried, the monitoring data is often incomplete with significant amount of missing values (21-22). Given the 

complicated and constrained environment of NICUs, missing values in the monitoring data can be caused by multiple 

factors (19), e.g. movement of patients, faults in monitoring probes, connection problem, error in recording system or 

human errors. 

Problem. Missing values in brain monitoring data can jeopardize the validity and credibility of corresponding statistical 

studies and can also lead to false knowledge discovery when left untouched. Therefore, as suggested by (7, 11, 20), the 

most common approach to address missing values is to exclude and discard incomplete monitoring data. This approach 

is often referred to as the “Complete Case” approach in the literature (14). The “Complete Case” approach, to certain 

extent, does ensure the purity of the data and guarantee the validity of the study. However, the Complete Case approach 

suffers from three main shortcomings. 1) The approach inevitably sacrifices useful information and reduces the 

effective sample size, and it consequently causes loss in statistical power. 2) Under the Complete Case approach, fewer 

training cases are taken into consideration, which may lead to biased analysis. 3) The approach causes waste. “Data is 

the currency for progress in neuroscience” (4). Simply discarding incomplete brain monitoring data leads to great waste 

of time, resources and human effort. Therefore, in this paper, we propose to reuse incomplete brain monitoring data by 

imputing the missing values - a green solution! 

Contributions. To support our proposal, we conduct a feasibility study to investigate whether incomplete brain 

monitoring data can be reused with missing value imputations. We conduct the feasibility study based on the monitoring 

data of TBI patients. The reusability of incomplete monitoring data is assessed based on the estimated imputation error, 

which is experimentally measured with simulated missing values. In addition, we further demonstrate that the estimated 

imputation error can be used as a guideline to facilitate neuro-clinicians and neurosurgeons to decide the re-usage 

strategy of incomplete brain monitoring data. 

Materials and Methods 

Patients and Monitoring. 

The monitoring data were from patients with severe TBI, who were admitted to the neurointensive care unit of a tertiary 

hospital (National Neuroscience Institute, Singapore) between January 2002 to December 2007. Seventy seven  

patientswho underwent invasive monitoring of ICP, MAP, PbtO2 and brain temperature (BTemp) for more than 24 
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consecutive hours were selected for the study. After informed consent was obtained, intraparenchymal probes were 

inserted based on the pre-operative CT findings. ICP was continuously monitored using a fibre-optic intraparenchymal 

gauge (Codman and Shurtleff, Taynham, MA), and Licox polarographic Clark-type microcatheters (Integra 

Neuroscience, Plainsboro, NJ) were inserted into peri-lesional brain tissues to measure the brain temperature and PbtO2. 

MAP was measured through an arterial line from the radial artery using a standard pressure monitoring kit (Biosensors 

International Pte. Ltd., Netherlands). The continuously monitored physiological readings were sampled and recorded 

every 10 seconds. PRx was calculated as a moving correlation between the last 30 consecutive samples of ICP and MAP 

readings. All patients underwent multi-modality monitoring with continuous recording of clinical data on a Hewlett-

Packard Carevue System. 

Patients were managed based on a protocol incorporating the guidelines for the management of severe TBI management 

(3). ICP of patient was was maintained at ICP <20 mmHg and CPP > 60 mmHg. First-tier ICP control treatment 

included elevation of bed to 30°, sedation of propofol (2-10mg/kg/h), and adequate analgesia (intravenous morphine 1-5 

mg/h). Boluses of 20% mannitol (2 mg/kg up to a plasma osmolarity of 320 mosmoI/L) were administered, if there was 

a sudden increase in ICP. Second-tier measures then included paralysis, cooling of core body temperature to 36°C and 

where indicated institution of a barbiturate coma, which is achieved with intravenous thiopentone 250 mg boluses of 

over 10-20 min (up to a total dose of 500-1000 mg) with a maintenance dose of 125-500 mg/h titrated to ICP control or 

to maintain burst suppression on EEG. Surgical decompression was also used  when ICP could not be controlled with 

second-tier measures. 

Reusability of Incomplete Brain Monitoring Data: A Feasibility Study. 

Input of the feasibility study includes the continuous monitoring data of ICP, MAP, PbtO2 and brain temperature 

(BTemp). Total sample size is 77 patients. Detailed characteristics of the input data are summarized in Table 1. 

Measurement Characteristics 
Size of Samples 77 
Sample Length (Hours) Min (13) Avg (115.5) Max (493) 
Gender Male (58) Female (19) 
Age of admission 10-30 (15) 31-50 (24) 51-70 (30) 71-90 (8) 
Ethnic Chinese (59) Indian (10) Malay (7) Others (1) 

Table 1 Summary of input data characteristics. 

Since the input data are “real” brain monitoring data collected from NICU, as graphically illustrated in Figure 1, it 

contains considerable amount of missing values, also referred as “gaps” in data. It is impossible for us to assess the 

imputation error on “real” missing values. This is because, for “real” missing values, we have no idea of their actual 

values. Thus, we have no baseline --- “ground truth”--- to compare with and to calculate the imputation error. As a 

result, we propose to estimate the imputation error by removing known data points to simulate the existence of missing 

values. In this proposed approach, a set of complete data is required as the “ground truth” data. 
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Figure 1. Graphical illustration of the major processes in the proposed feasibility study. 

Segmentation is the first process of the feasibility study, whose purpose is to segment out a block of complete data that 

can be used as the “ground truth” data. We define the “ground truth” data as the longest continuous block of data that 

contains no missing values (“gaps”) in all four interested modalities. In Figure 1, the block of “ground truth” data is 

highlighted from the input data with a dotted square. 

Simulated missing values are then introduced by randomly removing data points from the “ground truth” data. In this 

paper, we focus our investigation only on the univariance case of missing values. This implies that simulated missing 

values are introduced to one modality at a time. Moreover, we also assume that the missing values are “missing 

completely at random” (2). This means simulated missing values are randomly introduced assuming that each data point 

is equally likely to be missing with no bias nor influence from prior knowledge. Note that the univariance and “missing 

completely at random” assumptions may not complete describe all realistic scenarios. However, since this paper is the 

pioneer work to study the feasibility of reusing incomplete brain monitoring data, these assumptions are made to narrow 

down the scope of our study. 

The imputation error is tested under various scenarios, where different amount, ranging from 1% to 25%, of missing 

values are introduced. The data introduced with simulated missing values is then regarded as the testing data for the 

feasibility study.  

Imputation of missing values then follows. This process takes the testing data with simulated missing values as input 

and employs predictive methods to impute the missing values. To obtain a balanced and generalized assessment, 17 

state-of-the-art predictive methods are employed in our study. Among the selected algorithms, six of them are 

regression methods, which includes Guassian Process, Isotonic Regression, Pace Regression, Simple Linear Regression, 

Enhanced Linear Regression and Least Median Squared Linear Regression. One kernel-based method, support vector 

machine (SVM) Regression, and one multi-perceptron Neural Network learning method are also included. Lazy 

learning methods, K-Nearest Neighbour (KNN), K-STAR and Locally Weighted Learning model (LWL), are also 

selected due to their simplicity. Representative rule-based and tree-based methods, including Conjunctive Rule-based 

Learner, M5Rules, M5P, Decision Table, RepTree and Decision Stump, are also employed in our study. Details of the 

employed predictive methods can be referred to (10), and all the methods are implemented with WEKA 3.6 (10) and are 

employed with default settings. 

The imputation error assessment phrase then compares the imputed missing values with their actual values in the 

“ground truth” data. The imputation error is evaluated for each predictive method. Conventional performance metrics, 

including Mean Square Error (MSE) and Relative Absolute Error (RAE), are used. The imputation performance of the 

predictive methods is also evaluated based on the Coefficient of Determination, R2. R2 is calculated as: 
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yi refers to the actual value, 

 

ˆ y i refers to the imputed value and 

 

y i refers to the sample mean of the testing 

data. R2 basically compares the square error of the predictive method with the one of simply replacing the missing 

values with the sample mean. R2 is positive value, if the predictive method outperforms the sample mean imputation 

method, and the larger the R2 the more superior the predictive method is. R2 is negative, if otherwise. In addition, a 

newly defined metrics, σ%, is also employed in our study. σ% is defined as the percentage of imputed missing values that 

fall within σ away from their actual values. σ here refers to the standard deviation of the testing data. 

Moreover, given all parameters the same, different sets of randomly simulated missing values may result in different 

imputation error. Therefore, to obtain a stable estimation, the imputation error is estimated based on the average 

performance over 10 repeated simulation trials. The average performance across all 17 predictive methods then provides 

us a general estimation of the imputation error. Based on the estimation, we then can investigate, under various 

scenarios, how feasible it is to reuse incomplete brain monitoring data. The complete flow of the proposed feasibility 

study is graphically demonstrated in Figure 1. 

Re-usage Strategy Recommendation. 

The results of our feasibility study can further be used to recommend re-usage strategies for incomplete brain 

monitoring data. Suppose, as shown in Figure 1, a set of re-usage criteria, e.g. thresholds for relative absolute error, is 

defined by neurosurgeons or neuro-clinicians. We suggest the re-usage strategy as follows. 

1. If the estimated imputation error satisfies the expert-defined criteria, the incomplete brain monitoring data then 

should be reused with missing value imputation. Moreover, the best imputation method/methods can be 

suggested based on the imputation performance evaluation of predictive methods from our feasibility study. 

2. If the estimated imputation error does not satisfies the criteria but falls close to them, one may then just reuse 

the complete segment of the incomplete monitoring data. This approach is formally known as the “Available 

Case” approach (14). 

3. If both above situations fail, then one may have to discard the incomplete monitoring data --- the “Complete 

Case” approach (14). 

Results and Discussion 

Figure 2 graphically summarizes the average relative absolute error and R2 over the monitoring data of MAP, ICP, 

PbtO2 and BTemp. The imputation error is investigated under testing scenarios when from 1 to 25% of simulated 

missing values are introduced. Figure 3 then compares the detailed imputation performance of each individual 
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predictive method when 25% of simulated missing values are introduced. The comparing performance metrics include 

Mean Square Error (MSE), Relative Absolute Error (RAE), Coefficient of Determination, R2 and proposed metric σ%, 

General Observation. 

It can be observed from Figure 2 that: as the amount of introduced missing values increases, the average RAE remains 

relatively stable. E.g. as the introduced missing values increase from 1 to 25%, the average RAE of MAP and ICP 

increases only slightly from 3.79 to 3.83% and from 10.3 to 10.5% respectively. This observed stability of RAE over 

various amounts of introduced missing values can be explained by the “missing completely at random” assumption of 

our feasibility study. In our study, simulated missing values are introduced assuming each data point has an equal 

chance to be missed. As a result, introduced missing values tend to be sparsely distributed all over the data. This 

sparseness further leads to the phenomenon that: regardless of the amount of missing values, the temporal information 

immediately before and after the introduced missing value is usually well preserved. This allows missing values to be 

imputed almost equally well over various amounts of missing values. 

On the other hand, the average R2 values are also observed to increase gradually as the amount of introduced missing 

values increases. As mentioned, R2 is an imputation performance metric that compares the mean square error of 

predictive methods and the sample mean imputation approach. The sample mean imputation approach may still be able 

to achieve reasonable performance with a small amount, e.g. 1%, of missing values. However, as the amount of missing 

values increases, the performance of the sample mean approach will inevitably degrade dramatically, which directly 

results in an increase in R2 value.  

Reusability of Incomplete Data. 

Different scientific studies have different levels of tolerance for error. For example, preliminary and exploratory studies 

have much higher tolerance for error compared with verification studies. Therefore, the reusability of incomplete brain 

monitoring data has to be discussed under the context of error tolerance allowed the underlining study. Given the error 

tolerance level, one can easily determine the reusability of incomplete brain monitoring data based on the imputation 

error estimation results of our feasibility study.  

As an example, let us suppose the error tolerance of the underling study is 10%. For MAP and PbtO2, as demonstrated 

in Figure 2, the overall average RAE over various amounts of missing values is 3.6% and 0.19% respectively. Even 

when 25% of missing values are introduced, as shown in Figure 3, the average RAE of MAP still stays at 3.66% 

(standard deviation 1.45%) and, for BTemp, the average RAE is at 0.19% (standard deviation 0.11%). Based on these 

observations, we conclude that: given 10% as the error tolerance and assuming data is missing completely at random, 

the monitoring data of MAP and BTemp can be confidently reused with imputation when up to 25% of data is missing. 

On the other hand, for ICP and PbtO2, the average RAE is slightly below 10%, which does satisfy the error tolerance 

requirement. However, we also observe from Figure 2 that the standard deviations of RAEs of ICP and PbtO2 are 
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significantly high at around 14% and 20%. This implies that the actual imputation error is likely to fall way beyond the 

average 10%. Therefore, we recommend that the most reliable re-usage strategy for ICP and PbtO2 monitoring data is 

the “Available Case” approach, where only the complete segment of the monitoring data is reused. Nevertheless, after 

looking into individual predictive methods, we discover that the best performing predictive methods, such as K-STAR 

and M5P, actually produces significantly lower error compared with the rest. As shown in Figure 3, when 25% of 

missing values are introduced, the RAE of ICP is only around 6% and the one of PbtO2 is even below 5%. Therefore, 

alternatively, one may still consider reusing the ICP and PbtO2 data by imputing the missing values with the best 

predictive methods. 

Based on the results of our feasibility study, we summarize that: due to their relatively stable nature, the monitoring data 

of MAP and BTemp is more reliable to be reused compared to ICP and PbtO2; and, for ICP and PbtO2 data, more 

cautious re-usage strategy should be employed.  

Recommendation of Predictive Method. 

In our study, we have also compared the imputation performance of different predictive methods. The comparison 

results for 25% of simulated missing values are showcased in Figure 3. The top 3 predictive methods are also 

highlighted. Based on our imputation error study, we discover that the lazy learning method, K-STAR, and the tree-

based method, M5P, are the best performing predictive methods over all tested scenarios. Both K-STAR and M5P 

consistently perform as one of the top 3 predictive methods. Moreover, both K-STAR and M5P outperform the rest 

considerably.  As shown in Table (b) of Figure 3, the RAE of K-STAR and M5P is at 3.52% and 4.64%, which is only 

half of the overall average RAE across all predictive methods. Moreover, according to the R2 values, K-STAR and M5P 

always outperforms the sample mean imputation approach by at least 5 times.  

Conclusion and Future Work 

We proposed to reuse incomplete brain monitoring data with missing value imputation. To support our proposal, we 

have conducted a feasibility study to investigate the reusability of incomplete brain monitoring data. The reusability of 

incomplete monitoring data was assessed based on the estimated imputation error, which was experimentally measured 

with 17 state-of-the-art predictive methods and simulated missing values. Taking the monitoring data of TBI patients as 

input, the feasibility study consists of four major processes: 1) segmentation of “ground truth” data; 2)simulation of 

missing values; 3)imputation of missing values; and 4) imputation error assessment. In addition, we have also 

demonstrated how the results of our feasibility study can be used to facilitate neuro-clinicians and neurosurgeons to 

select the most suitable predictive methods and re-usage strategy.  

Based on the results of our feasibility study, we summarize that: the monitoring data of MAP and BTemp is more 

reliable to be reused compared to ICP and PbtO2; and, for ICP and PbtO2 data, more cautious re-usage strategy should 

be employed. We also observed that, for the tested scenarios, the lazy learning method, K-STAR, and tree-based 
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method, M5P, are constantly two of the best among 17 predictive methods investigated in this study. 

As this was afeasibility study, we have focused only on the univariance case of missing values and scenarios, where 

data is missing completely at random. In future, we plan to further our study based on the framework proposed in this 

paper to investigate more complicated scenarios, where both univariance and multi-variance of missing values are 

possible, and where data not only may be missed completely at random but may also be missed randomly in clusters. 
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Figure 2. Average Relative Absolute Error (RAE) with its standard deviation and R2 values of four brain 
monitoring modalities, MAP, ICP, PbtO2 and BTemp. 

Figure 3. Detailed imputation performance of predictive methods when 25% of simulated missing values are 
introduced. 
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