
 
 

1 

Paper- RM03 

RBQM and Failure Prediction Using Python 

Vidya Muthukumar, IQVIA Biotech, USA 

 

Summary 

CROs are looking to reduce costs where trials can be effectively monitored remotely. Risk-based 

Quality Management (RBQM), for remote device trials has emerged as a strategic approach using 

advanced data analytics. RBQM optimizes error detection to facilitate replacement of even remote 

sites. RBQM aims to focus on remote monitoring for device trials likely to affect patient safety and data 

quality so that investigators address errors before they compromise trial quality. This paper showcases 

how RBQM along with failure prediction for health monitoring devices using Python are used to monitor 

patients’ parameters at homes. However, verifying if device measurements are not impacted by their 

technical fault, is a challenging problem. With statistical analyses and a logistic regression model for 

RBQM, the attempt is to predict device failure with a daily aggregated sample device telemetry 

readings from a clinical trial using Python to illustrate risk-mitigating approaches and fix errors for an 

effective RBQM device trial.  

 

Data Structure Specifications At-a-Glance 

 

The data structure is a log flat file of telemetry data 

date: YYYY-MM-DD  

Device_id: device_id  

Failure 0 - no, 1 – yes  

Attribute1/attribute9: daily aggregated 

telemetry log data 

Test data: device_failure.csv.zip 

 

   

 
Analysis: Model selection and effectiveness 

 

Technology: Python  
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Problem Statement: Predict device failure given the daily aggregated device telemetry 

attribute log readings 

Assumptions: Each device is being used by one-person only. Device can be for repeat use at different 

dates by same person. This is why we can use the values of the attributes as explanatory variables. 

Otherwise, the values of the attributes can change if two different people use the same device, and it 

may not be because the device failed.  

 

 

Data Analysis for Model 
 

 

The objective is to understand what the data is and how it is structured. The analysis is about device 

failure, so we needed data at the device level.  

▪ The first step was data cleaning by identifying duplicate observations, duplicate variables, large 

outlier values etc. I used Python tools such as ProfileReport, Box plots.  
▪ Using logistic regression to model device failure (dependent variable) based upon the given 

attributes (independent variables).  
▪ To understand what the telemetry data is and how it is structured, relevant to the device 

telemetry log data analysis.  
▪ Validation with the p-value and classification tables and see if the results are significant and 

not due to random fluctuation  

The next step is to run the ProfileReport 

 

Profile Report Summary  

▪ No missing values in telemetry dataset and the data is integer type.  

▪ The dataset is not balanced since < 0.1% of the records are failures. Data is not at the device level, 

it is at the device-date level, so the same device is used over many days, there are multiple 

observations for each device.  

▪ Attributes 2,3,4,7,9 are highly skewed.  

▪ Attributes 7 and 8 are the exact same data, so I will drop attribute 8.  

▪ There is one duplicate row which I dropped 
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One can visualize the box plot for each attribute 

 

 

Besides Attribute 1, 6 and 5 where the box plot could be visualized, there are too many data points 

for the box plots. After a point, the points overload and typically are not very informative. 

The Box Plots show the median of the dataset (the vertical line in the middle), as well as the 

interquartile ranges (the ends of the boxes) and the minimum and maximum values of the chosen 

dataset feature (the far end of the “whiskers”).  
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Model and analysis 
I initially used the statistical tools (e.g., logistic regression) available in the sklearn.linear_model 

package. However, at a later stage, I realized that this package does not automatically provide the 

pvalues for logistic regressions, so I additionally used logistic regressions from the statsmodels.api 

package for the analysis.  

Since the failure is at the device level (i.e., a device fails or not), I decided to do the analysis at the 

device level. For this purpose, I decided to use the mean values of the attributes for each device as the 

independent variables. The logic was that a device can fail and this can show up in the attributes data 

in one of two ways: 

i) The device could be recording the correct levels of the data when it is working properly but could 

record a lower value when it fails. Under this scenario, a lower value for the attribute would be 

indicative of device failure.   

ii) But, the device could also record higher values when it fails. It could go either way since we dont 

have information on how the device functions when it fails. Under this scenario, a higher value for the 

attribute would be indicative of failure.   

Highlights of the analysis using logistic regression from the sklearn package: 
a) The sklearn package by default has settings for data regularization for logistic regression and 

imposes a penalty as part of such regularization of the data. 

b) Importantly, the package does not automatically report the p-values. 

c) It also provides a few different algorithms for estimating the model. 

d) But the regression coefficients were all very small, and given the lack of p-values, I did not 

assess the goodness of fit.      

 

 

 

So, I decided to look for an alternative approach, and decided to use logistic regressions available in 

the statmodels package. The summary of the analysis is below: 
a) After fitting the model, I printed the summary of the results. 

b) Using a cutoff of 10% for assessing statistical significance, I found that attributes 2, 5, and 7 

are positively associated with device failure – higher values indicate a higher likelihood that the device 

has failed. The other attributes were not statistically significant, suggesting that we cannot reject the 

base hypothesis that these other attributes had no ability to predict failure. 

c) In terms of goodness of fit, the pseudo r-square was small, at less than 3%. This indicates that 

the fit of the regression is not very good.  

d) To further analyze this lack of fit, I printed out the classification table. The model was good at 

predicting the true negatives (1060 out of 1063 non-events). But the model was not good at correctly 

classifying device failures or true positives – it correctly classified only 2 out of the 106 total device 

failures.  

As an added check, I compared the results of this analysis with the output I got via SAS (not shown in 

this report). Since the numbers were very close, I am confident that there are no logical or data errors 

in the analysis I have done with python.    
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Conclusion and suggestions for further analysis 

The logistic regression model seems to perform well in identifying true negatives but does not do as 

well in predicting true positives. The overall explanatory power of the model seems to be quite low. 

 

There are several potential issues that could be contributing to the model’s poor performance. These 

also point towards some additional analyses that could be done. I am highlighting a few key points: 

 

i) We are assuming that each device is being used by one person only. But, if many people use the same 

device, then the telemetry aggregate values (values for the attributes1-9 in the dataset) can change 

not because the device failed but simply because different people used the same device. 

 

ii) Further, it is possible that once a device has failed, it could be repaired and put back into service. 

While I have verified that no device failed a second time, it is quite possible that some of the data is 

from the dates AFTER the device failed (i.e., when it was repaired and put back into use). In predicting 

failure, such data that are after the failure date should be excluded from the analysis and could be 

contributing to the model’s poor fit. 

 

iii) Instead of the mean of the attribute values for each device, one could use the standard deviation 

and could possibly get a better fit. The reasoning is that if the device records a different value when it 

fails (compared to when it is working well), then the recorded values when the device fails would be 

different from when it was working. This would lead to a higher standard deviation of the values of 

each attribute, per device.   

 

iv) Along similar lines, I could take the absolute value of the daily change in attribute value as the 

explanatory variable. The analysis could then be done at the device level using the last day of use for 

each device, or at the device-day level in which case the entire dataset could be used without having 

to aggregate it by device (like I have done in the current analysis). 

 

v) If we have more information on how the device records data, one could try and transform the data 

in other sensible ways (e.g., convert some of the attributes to categorical data instead of continuous 

data and then do the analysis). 

 

vi) Of course, it is always possible that the logistic regression is not a good model in this case, and one 

could use other techniques to do the classification such as nearest neighbor techniques, discriminant 

analysis, neural network-based methods, etc. 


