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Abstract 

Introduction 

Despite improvements in health service coverage, quality of care (QoC) is often 

poor in low- and middle-income countries. To improve QoC, accurate measurements of 

healthcare processes are needed. The aim of this study was to estimate the validity of 

QoC data from patient medical records for childbirth deliveries by comparing them with 

direct clinical observation. 

Methods  

My study was part of a larger parent study of the effects of a healthcare QoC 

training program at six health facilities in Masaka district, Uganda. My study data were 

collected in two phases: 1) validation paired data of 321 observations plus the 

corresponding medical records collected; 2) evaluation data of 1,146 medical records of 

deliveries while the training intervention was being implemented. Sensitivity, specificity, 

positive predictive values, and negative predictive values were estimated as the bias 

parameters. Quantitative bias analysis was conducted by assigning these bias parameters. 

Prevalence ratio and odds ratio measured the parent study’s program efficacy.  

Results  

Medical records overestimated providers’ performance on quality indicators. The 

odds ratio of seven out of eleven indicators changed significantly; while the prevalence 

ratio of only one indicator varied. 
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Conclusion 

The medical records for childbirth deliveries in Uganda demonstrated poor 

validity in measuring QoC compared with direct observation. Studies measuring QoC 

that rely on medical record data should be interpreted carefully, especially for obstetric 

and neonatal services. Meanwhile, poor record data showed a mixed result on the 

efficacy of the quality improvement program. Studies using the record data to evaluate 

the program efficacy should be done carefully, especially in low-resource settings.   
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1. Introduction  
1.1 Quality of care (QoC) 

Despite improvements in health service coverage in low and middle-income 

countries (LMICs), the quality of care (QoC) is often poor and varies greatly.1–3 In eight 

LMICs, a poor correlation between healthcare coverage and QoC has been reported.2 In 

Ethiopia, the national crude coverage of antenatal care was 62.4%; however, quality was 

significantly lower at 34.4% for the recommended clinical actions that were completed 

during antenatal care visits in 2016.4 In Uganda, 97% of pregnant women reported 

receiving antenatal care from a skilled provider, yet 27 of every 1,000 newborns still died 

within the first month of life in 2016.5 

As LMICs strive to achieve the Sustainable Development Goals by 2030, QoC 

has become a global health priority.1,6 Establishment of the Global Health Commission 

on High-Quality Health Systems in the SDG Era (i.e. the HQSS Commission) reaffirmed 

this movement.6–8 The HQSS estimated that poor QoC causes one million newborn 

deaths every year.6 A study found that poor QoC resulted in 5 million excess deaths in 

137 LMICs in 2016.9 Another study from Malawi found that poor quality of delivery 

facilities was associated with higher risk of newborn mortality rates.10 

Accurate measurement of health system quality is the first step in improving QoC. 

However, current measures of health system are inadequate in capturing the complex 

health system by failing to assess the multifaceted and interconnected relationships 
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among health system components.11,12 Service Provision Assessment surveys are 

considered a comprehensive nationally representative survey of health systems.13,14 When 

a Service Provision Assessment survey was used to capture relevant aspects of primary 

care performance in ten LMICs,  gaps in measurement of processes such as timely action, 

choice of provider, affordability, ease of use, dignity, privacy, non-discrimination, 

autonomy and confidentiality were reported.13 Without reliable measures, monitoring 

progress on QoC is difficult.11 The HQSS calls for better measures for national health 

systems to produce accurate estimates of their progress in improving the QoC.6 

1.2 Measuring quality of care (QoC)  

Measures for QoC are categorized into three groups: input, process, and 

outcome.15 Input measures the resources and settings (i.e. availability of drugs and the 

number of health providers).15 Process measures real-time care, such as adherence to 

clinical guidelines, patient’s behavior in seeking care, and recommending or 

implementing treatment.6,15 Outcome measures the effects of care on the health status of 

patients and population15 such as morbidity and mortality rates.6 

Historically, most QoC studies have focused on assessment of inputs,6 but recent 

findings have questioned the reliability of these approaches.13 Leslie et al. found a weak 

association between input and care competence in four maternal and child care services 

in eight developing countries.16 Allen et al. found there was no relationship between input 

availability and QoC.17 These findings correlate with the HQSS recommendation on 
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moving away from quality inputs,6 and instead, the HQSS advises on using process to 

measure the quality of care.6 

There are four major types of process measuring tools. First, practice vignettes are 

conducted when providers care and treat patients, known to be actors, under observation 

by researchers.18 A weak correlation between the vignette and actual practice was 

estimated among 90 providers at outpatient clinics in Tanzania from 2001-2003.18  

Second, patient and provider exit interviews depend on memory and honesty of 

the respondents.19 Like the vignette, interviews provide the patients’ experience or 

providers’ clinical knowledge; yet, it does not necessarily reflect what the providers 

routinely do.20 When data from provider interviews were compared with data from direct 

observations of clinical encounters, the provider interview revealed both under- and over-

reporting of clinical practices.20 The exit interviews with patients showed high 

sensitivities to the memory of the patients or caretakers and their knowledge on particular 

clinical practices.19 

Third, medical records are routine documentation of provider performance20 

reported by the health providers at the time of visits.19 Availability of the medical record 

is a key advantage because they are legal documents that serve as evidence of provided 

care.21 Thus, medical records have been widely used as a process measuring tool for the 

quality of care.20,22–25 However, a high percent of missing and inaccurate information 19,26 

have questioned the validity of this method to measure quality of care. 
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Fourth, direct observation (DO) of the clinical encounter is considered the gold-

standard in QoC measurement.3,19,22,23 Direct observation is conducted by an independent 

observer watching the provider’s actions while simultaneously collecting data on a 

structured checklist.18 Thus, direct observation does not rely on the provider’s or the 

patient’s memory and allows evaluation of the provider in real-time.18 As a result, DO 

eliminates the recall bias that can occur when information is gathered in interviews, and 

can reduce information bias, such as misclassification, that can occur when relying on 

medical record abstractions. Despite its strengths, DO data are subject to observer bias 

where the providers can alter their practice due to being watched by the data collector.27 

This process can lead to outcome misclassification by overestimating and 

underestimating the positive and negative outcomes, respectively. In spite of these 

limitations, DO is often used as a referent to estimate the reliability and validity of other 

process measuring tools because it is considered the most valid method for collecting 

healthcare process information.18,19,22,23 

1.3 Information bias (misclassification)  

Definition of bias and its effect on methods for measuring process 

Information bias in epidemiologic studies results from flawed data collection 

methods.28 Such error is referred to as misclassification if measured variables are 

categorical.29 There are three ways that misclassification can arise: 1) faulty instruments 

(e.g. uncalibrated scale to weigh a newborn), 2) respondents not answering truthfully to 
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the sensitive questions (e.g., washing hands before the examination of the patient), and 3) 

respondents mistakenly recording inaccurate information. 

Different instruments collect data differently. For example, the routine assessment 

of the newborn after childbirth delivery is called an APGAR (Appearance, Pulse, 

Grimace, Activity, and Respiration) score (Table 1). Health providers score a newborn 

using an APGAR scoring matrix. The score ranges from one to 10, the higher the score 

the healthier the baby. Depending on the process measuring tools, the collection of 

APGAR score varies (Table 1). 

Table 1. Data collection procedures for four process measurement tools. 

Instrument Data collection procedure 
Direct observation (DO) Observation of provider in real time 

Vignettes Response by a provider to a hypothetical 
situation 

Exit interview Ask the provider to recall an historical event 
Medical record Review the medical record documentation by 

provider 
 

Data validity can vary depending on the instrument. In the case of APGAR scores 

for newborns, the medical record is especially prone to misclassification if providers 

forget to document the scores in real-time and/or the providers intentionally falsify the 

scores. Either way, medical record data have a high chance of misclassification and it is 

difficult to know the magnitude and direction of this inaccuracy. 

 

 



 

 

6 

 

Types of misclassification  

Varying distribution of inaccuracy leads to two types of misclassification: non-

differential or differential.28 First, non-differential misclassification occurs when the 

same magnitude of the error is distributed between the groups being compared.28 Non-

differential misclassification of a binary variable will generally bias associations towards 

the null.28 This attenuation effect also depends on the prevalence of the variable in 

question.28 The conventional approach of addressing bias, such as misclassification, in a 

study is to state it as a limitation of the study30 and argue that the results of the study are 

conservative estimates.31 

Second, differential misclassification occurs when the magnitude of the error 

varies between the groups being compared.28 Thus, differential misclassification of a 

binary variable may bias the association either toward or away from the null. Because 

these biased estimates are highly prone to the direction and magnitude of the error, it is 

important to quantify this inaccuracy to estimate the value closer to the truth. But more 

recently in the epidemiologic literature there has been a call to quantify this bias, and to 

estimate its effects on the study’s inference.32–34 

Bias analysis 

Epidemiologists use different techniques to quantify the magnitude and direction 

of bias due to data misclassification. Quantification of the types and degree of bias is 

essential to estimate the validity and precision of data measurements.30,32 Methods for 

assessing and reporting random error have received much more attention compared to 
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systematic error.31,32,35 Random error is captured in the traditional calculation of a 

confidence interval; however, systematic error is not. As such, if systematic error exists 

in study data, as it often does, not only will the point estimate be invalid, the traditional 

95% confidence interval will be an underestimate of the true variance in the data. One 

reason systematic error is infrequently estimated in biomedical studies is the lack of 

validated data to estimate bias parameters.35 

 There are four bias parameters: sensitivity, specificity, positive predictive value 

(PPV), and negative predictive value (NPV). Assume that I have collected data on some 

exposure by self-report and I also know with certainty of each subject’s true exposure 

status. In that case, the data could be laid out as a 2x2 contingency table, also called a 

validation table (Table 2).36 Along the interior columns, subjects are classified according 

to their true exposure status, while along the interior rows subjects are classified 

according to their self-reported status. 

Table 2. Nomenclature for the equations for calculating the bias parameters. 

 

 

 

By using Table 2, four bias parameters can be calculated using the formulas below: 

Sensitivity = 𝐴𝐴
𝐴𝐴+𝐶𝐶

 

Specificity = 𝐷𝐷
𝐵𝐵+𝐷𝐷

 

 Truly exposed Truly unexposed 
Classified as exposed A B 

Classified as unexposed C D 
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Positive predictive value = 𝐴𝐴
𝐴𝐴+𝐵𝐵

 

Negative predictive value = 𝐷𝐷
𝐶𝐶+𝐷𝐷

 

Sensitivity is defined as a subject who was truly exposed and was correctly 

classified as exposed. Specificity is defined as a subject who was truly unexposed and 

was correctly classified as unexposed. Positive predictive value is defined as a subject 

who was truly classified as exposed and was correctly exposed. Negative predictive value 

is defined as a subject who was truly classified as unexposed and was correctly 

unexposed.  

Several statistical methods can be used to quantify the bias in data, including 

inverse-variance-weighted estimation33, maximum likelihood37, multiple imputation38, 

and regression calibration.39 Regression calibration is often used in nutritional 

epidemiology to adjust point estimates and interval estimates for bias due to exposure 

misclassification.39,40 When the validity of self-reported dietary measures is questionable, 

researchers use internally validated data to adjust for the bias using the calibration 

method.41 Thus, this method has become a widely accepted tool.41 A key limitation of 

this method is that regression calibration is not appropriate when categorical variables are 

being corrected.42 

Quantitative bias analysis (QBA) 

In my study, because healthcare quality indicators derived from the clinical 

encounter are mostly categorical variables, regression calibration is not an appropriate 



 

 

9 

 

method to adjust for bias. However, quantitative bias analysis (QBA) techniques provide 

a valid method to analyze the bias due to outcome misclassification. Quantitative bias 

analysis can be applied to studies with and without validated data.31,32,36 The mechanism 

follows three steps: 1) bias parameters are assumed or calculated as misclassification 

rates; 2) bias parameters are assigned to uncorrected data; and 3) ‘corrected’ data are 

estimated once accounting for the bias is concluded. 

There are four techniques in QBA (Table 3).36 First, simple bias analysis is used 

when only one bias is examined and only its impact on the estimate of association is 

central to the inference.36 Second, multidimensional bias analysis is used when the goal 

requires examination of bias from different sources, such as misclassification, selection 

bias and confounding.36 Third, probabilistic bias analysis and multiple bias modeling are 

used when the bias parameter estimates are questionable. These two techniques are 

especially useful when the validation data are not available.36 In such cases, researchers 

select the ranges of the bias parameter estimates. Then, probabilistic bias analysis and 

multiple bias modeling techniques calculate the confidence intervals by assigning a prior 

probability distribution to the bias parameters to produce distributions of results as 

output.30 As a result, the confidence intervals around the distributions can be estimated, 

incorporating random and systematic error. Fourth, multiple bias modeling is an 

extension of probabilistic bias analysis and is used when more than one bias is needed to 

be analyzed simultaneously, and the analysts explicitly model the relationship between 
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each of the biases.36 One key consideration when choosing the technique is the 

computational difficulty and available amount of time and resources.36 

Table 3. Summary of quantitative bias analysis techniques. 

 

1.4 Purpose of the study 

The aim of this study is to understand the validity of the medical record as a 

measurement tool for assessment of QoC for obstetric and neonatal care. 

This study has two objectives: 1) to estimate the bias parameters of the medical 

record by comparing it with direct observation of the same childbirth deliveries; 2) to 

quantify the amount of bias introduced by use of medical record data in estimating the 

efficacy of a clinical training program for improving obstetric care in Masaka Uganda. 
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2. Methods 
2.1 Background  

This study was conducted at six rural primary care health facilities (HFs) in the 

greater Masaka area of Uganda. Luganda is the primary spoken language in Masaka. All 

six HFs were private, not-for-profit, and faith-based primary care facilities whose 

managers are accredited by the Roman Catholic Diocese of Masaka. All HFs were 

affiliated with LifeNet (LN) International, a not-for-profit organization in Uganda, whose 

mission is to improve the quality of health care by leveraging a partnership with these 

HFs. LifeNet provided long-term, on-site training for all levels of health care staff, as 

well as comprehensive solutions to their care delivery, management, and supply 

problems.  

2.2 Overview of the study design and data collection tools 

 

Figure 1. Overview of the study design and data collection tools.  
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My study used data from an impact evaluation study (i.e. parent study) of LN 

International’s QoC training program (Figure 1). The design of this parent study was a 

pre/post direct observation of the quality of maternal health care and included three 

phrases. During phase 1, baseline maternal and neonatal care was directly observed to 

establish pre-training QoC metrics. During phase 2, LN training staff conducted a series 

of clinical trainings for all medical staff in the six clinics (Table 4). LifeNet’s training 

program for the purposes of this evaluation was composed of multiple modules delivered 

over the course of a 9-month period. During phase 3, endline maternal and neonatal care 

was directly observed. 

My study used a subset of the phase 2 and phase 3 data of the parent study. Phase 

2 and phase 3 data were called the evaluation and the validation data, respectively. For 

the evaluation data, a total of 1,146 medical records of maternal deliveries were 

abstracted at six rural health facilities in greater Masaka district, Uganda. At the same 

time, LN trainers conducted a series of QoC training modules to improve the quality of 

obstetric and neonatal care at the same six facilities. LifeNet trainers visited six clinics 

twice a month to perform these trainings. Three LN QoC training modules – hypertension 

and preeclampsia, normal deliveries, and first 5 minutes APGAR - were taught by the LN 

trainers for the selected QoC indicators for my study (Table 4). Additional QoC trainings 

for the parent study were also conducted during phase 2. Health facilities were de-

identified for this study to protect their confidentiality. 
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Table 4. LifeNet QoC training schedule for the selected QoC indicators for this study.  

 

Phase 3 data were called the validation data because the data for the same 

deliveries were collected using both the direct observation and the medical record. For 

the validation data, a total of 321 deliveries were directly observed. Once the direct 

observation ended, medical records of the same 321 deliveries were also collected.  

2.3 Quality of care (QoC) training   

For my study, three LN QoC training modules were relevant for the selected 

indicators (Table 4). First, Hypertension and Preeclampsia module trained the providers 

on risk factors, complications, and prevention recommendations for mothers with 

suspected hypertension and/or preeclampsia. Proteinuria is one of the three main clinical 

components of the preeclampsia. Urine analysis was one of the recommended practices to 

reduce the chance of a complicated delivery.  

Second, Normal Birth module trained the providers on proper assessments, 

monitoring, management, and documentation required during all stages of labor for a 

Clinic ID Hypertension &  
Preeclampsia 

Normal  
Birth First 5min APGAR 

1 11/21/2017 2/20/2018 4/10/2018 
2 11/22/2017 2/14/2018 3/21/2018 
3 11/28/2017 2/13/2018 3/20/2018 
4 11/29/2017 2/15/2018 3/15/2018 
5 11/20/2017 1/29/2018 2/26/2018 
6 11/16/2017 2/22/2018 3/22/2018 
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normal, uncomplicated delivery process. For instance, immediate skin-to-skin was trained 

to ensure early mother-newborn attachment and breastfeeding.  

Third, First 5 min APGAR module trained the providers on proper handling of the 

first five minutes of a newborn’s life which included the assessment of the APGAR 

score. The scoring of the APGAR score was trained by using several case studies as a 

practice for the providers.   

2.4 Study Hypotheses  

My study has two hypotheses: 1) the medical record is not a valid tool to measure 

the quality of obstetric and neonatal care in resource-limited settings, 2) once the 

misclassification in the medical record is corrected, the providers’ adherence to QoC 

indicators before and after receiving the training will be different from the uncorrected 

data. Calculated sensitivity, specificity, and predictive values, along with their 95 percent 

confidence intervals, were used to test my first hypothesis. Uncorrected and bias-

corrected prevalence ratios and odds ratios comparing before and after receiving the 

training, were used to test my second hypothesis. The 95 percent confidence intervals 

including the random error were also estimated.  

Exposure was defined as time before and after the providers received the trainings 

on the selected QoC indicators. If the deliveries occurred before a critical clinical training 

on a particular QoC indicator, they were classified as unexposed. If the deliveries 

occurred after the relevant clinical training, they were classified as exposed.  
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For instance, training on conducting immediate skin-to-skin between the newborn 

and the mother was one of the LN training modules. Based on our definition of exposure, 

deliveries occurred after the training were classified as “exposed.” Deliveries that 

occurred before the training were classified as “unexposed” (Figure 2). Once the 

classification was concluded, we measured the prevalence ratio and the odds ratio of the 

adherence to an immediate skin-to-skin indicator.   

 

Figure 2. Classification of exposed and unexposed deliveries for the immediate skin-to-
skin between the newborn and the mother.  

 

2.5 Data collection  

My study had two data collection periods: 

Evaluation data collection period: August 22nd, 2017 to May 28th, 2018 
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Validation data collection period: May 29th, 2018 to August 12th, 2018   

For the evaluation data collection period, LifeNet hired two local research 

assistants (RAs) to collect the data via routine medical record. One of the RAs had a 

clinical background and one had a research background. Duke researchers provided 

training in data collection methods and research ethics. After the training, the trainer and 

the RAs visited a facility to demonstrate the data collection procedure in real time. The 

medical record data were documented by the health providers to monitor the progress of 

labor and report maternal and neonatal outcomes. Once the delivery records were 

completed, trained RAs abstracted those data using a medical record form. Both RAs 

visited the health facilities with a high volume of deliveries every week to abstract data 

on every childbirth delivery from the previous week. For the smaller facilities, two RAs 

took turns every week to visit the health facilities for abstraction of data. Both RAs were 

fluent in English and Luganda. 

For the validation data collection period, ten local RAs were hired to collect the 

data via routine medical record and direct observation of clinical encounters. Two were 

returning RAs from the primary study period. Seven RAs had clinical health 

backgrounds. LifeNet staff provided a five-day review of their quality improvement 

training program to study RAs, and Duke investigators performed a separate five-day 

training in data collection methods and research ethics. All RAs were fluent in English 

and Luganda. Once the training ended, three RAs were stationed at two facilities with the 

highest delivery volume. The remaining RAs were assigned to the other four facilities. 
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The RAs were on-call each day/night during the data collection period. Any unobserved 

deliveries were assumed to be missed completely at random. Unobserved deliveries 

occurred when RAs were already observing other deliveries and/or the RAs were off 

duty. Once the observations ended, the RAs abstracted the corresponding medical 

records, which were documented by the health providers.  

Direct observation (DO) form. We constructed the DO form (Appendix A) 

using the framework of the USAID’s Maternal and Child Health Integrated Program 

(MCHIP) Maternal and Newborn Quality of Care Survey (United States Agency for 

International Development Maternal and Child Health Integrated Program 2013).43 The 

RAs followed the DO checklist on adherence of QoC indicators as they directly observed 

the delivery. Data were collected on initial patient assessment, second and third stages of 

labor, and immediate newborn and postpartum care. Once the observation was 

completed, the RA entered the paper-based DO form into a Research Electronic Data 

Capture (REDCap),44 an online data collection tool that complies with Health Insurance 

Portability and Accountability Act (HIPPA) standards. 

Medical record form. We constructed the REDcap medical record form 

(Appendix B) using the framework of the LN medical record form (Appendix C). The 

REDCap medical form was electronically available on this study-issued tablet for the 

RAs to collect the data. LifeNet and Duke Global Health Institute collaborated to create 

the LN medical record form, based off the Ministry of Uganda Health Labor Progress 

Chart (Partogram).45 The LN medical record from was provided to all six facilities. As 
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the first module of QoC training program, LN trained the health providers on how to 

document the obstetric and neonatal care during a ‘Documentation/Record keeping’ 

lesson. The REDCap medical record data were collected on partograph monitoring, 

postnatal care for the baby, and outcome of the mother. For the evaluation data, the RAs 

completed the REDCap medical record form using the LN medical record form for every 

documented delivery. If the LN form was not available or incomplete, the RAs abstracted 

the data using other medical records in the facility such as the Maternal Registry to 

complete the REDCap medical record form.  

For the validation data, the RAs completed the REDCap medical record form by 

following the same protocol as the evaluation data after the observation of the delivery 

was ended. One identification number was assigned for the DO and the REDCap medical 

record of the same delivery. The medical records of unobserved deliveries were excluded. 

During the data collection training for the validation data, RAs were emphasized to 

record only what was written by the health provider not what was observed by the RA. 

Data extracted from medical records were directly entered into the REDCap medical 

record form.44 

2.6 Recruitment for direct observation 

All women aged 16 years or older who arrived at the HFs intending to deliver a 

child were eligible for study enrollment. The RAs approached mothers who showed 

interest and administered consent. Any mothers with births identified as macerated 

stillbirths prior to receiving the informed consent were excluded. If the mother was 



 

 

19 

 

incapacitated or unable to provide the consent for herself, a self-designated proxy who 

agreed to participate in the study was also recruited. The informed consent form 

(Appendix D) with contact information was provided for the mother to have her own 

copy. 

2.7 Measures  

To measure the validity of the medical record data, 11 QoC indicators were 

collected from both the medical record form and the DO. 

1. Urine analysis. Urine analysis was defined as mother’s urine tested for 

presence of protein during initial client assessment. In the DO form, urine analysis was 

measured as yes or no question that RAs observed and checked according to health 

providers’ practices. In the medical record form, urine analysis was measured as a 

binominal variable generated from either yes or no survey question.  

2. Use of oxytocin to prevent post-partum hemorrhage (PPH). Use of oxytocin 

to prevent PPH was defined as administration of an oxytocin during second and third 

stage of labor. In the DO form, use of an uterotonic to prevent PPH was measured as a 

categorical variable (yes: 1= oxytocin, 2=Ergometrine, 3=Syntometrine, 4= Misoprostol, 

or no: including 8= Don’t know). In the medical record form; however, only oxytocin 

was measured as an uterotonic to prevent PPH as a categorical variable answered as no, 

yes, and not recorded survey question. To match the wording of the medical record form 

with the DO form, observed deliveries that only used oxytocin to prevent PPH was 

included. Clinical quality gold-standard is to use any uterotonic to prevent PPH, but 
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administering oxytocin was only included for this study. Only 4 (2.4%) of 251 observed 

deliveries used uterotonic other than the oxytocin. 

3. Delayed cord clamping (> 1minute). Delayed cord clamping was defined as 

cord clamping after 1 minute. In the DO form, delayed cord clamping was measured as a 

binominal variable (1=immediately/within 1 minute after birth, 2=2-3 minutes after 

birth). Delayed cord clamping was measured for observations with cord clamping 2-3 

minutes after birth. In the medical record form, delayed cord clamping was measured as a 

categorial variable (1= less than 1 minute, 2= 1-3 minute, and 3= more than 3 minute). 

Delayed cord clamping was measured for observations with cord clamping either 1-3 

minutes or more than 3 minutes. 

4. Use of sterile blade or scissors to cut cord during immediate newborn and 

postpartum care. Use of sterile blade or scissors to cut cord during immediate newborn 

and postpartum care was defined as cuts cord with sterile blade or sterile scissors. In the 

DO form, use of sterile blade or scissors was measured as yes or no question that RAs 

observed and checked according to health providers’ practices. In the medical record 

form, use of sterile razor blade or scissors was measured as a binomial variable generated 

from either yes or no survey question. 

5. Documentation of 1-minute APGAR score. Documentation of 1-minute 

APGAR score was defined as documentation of APGAR score at 1 minute. In the DO 

form, documentation of 1 -minute APGAR score was measured as yes or no question that 

RAs observed and checked according to health providers’ practices. In the medical record 
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form, documentation of 1-minute APGAR score was measured as a categorical value 

answered as no, yes, and not applicable survey question. 

6. Documentation of 5-minute APGAR score. Documentation of 5-minute 

APGAR score was defined as documentation of APGAR score at 5 minutes. In the DO 

form, documentation of 5-minute APGAR score was measured as yes or no question that 

RAs observed and checked according to health providers’ practices. In the medical record 

form, documentation of 5-minute APGAR score was measured as a categorical value 

answered as no, yes, and not applicable survey question. 

7. Immediate skin-to-skin after delivery. Immediate skin-to-skin after delivery 

was defined as provider placed baby on mother abdomen “skin to skin” during immediate 

newborn and postpartum care. In the DO form, immediate skin-to-skin was measured as 

yes or no question that RAs observed and checked according to health providers’ 

practices. In the medical record form, immediate skin-to-skin after delivery was 

measured as a categorical value answered as no, yes, and not recorded survey question. 

8. Baby dried immediately. Baby dried immediately was defined as baby dried 

immediately with towel during immediate newborn and postpartum care. In the DO form, 

baby dried immediately was measured as yes or no question that RAs observed and 

checked according to health providers’ practices. In the medical record form, baby dried 

immediately was measured as a categorical value answered as no, yes, and not recorded 

survey question. 
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9. Use of Tetracycline eye ointment. Tetracycline eye ointment was defined as 

provided tetracycline eye ointment 1% prophylaxis to newborn during within the first 

hour after birth. In the DO form, use of tetracycline eye ointment was measured as yes or 

no question that RAs observed and checked according to health providers’ practices. In 

the medical record form, use of tetracycline eye ointment was measured as a categorical 

value answered as no, yes, and not recorded survey question. 

10. Vitamin K given to newborn. Vitamin K given to newborn was defined as 

administered vitamin K to newborn during the first hour after birth. In the DO form, 

vitamin K given to newborn was measured as yes or no question that RAs observed and 

checked according to health providers’ practices. In the medical record form, vitamin K 

given to newborn was measured as a categorical value answered as no, yes, and not 

recorded survey question. 

11. Breastfeeding within first hour. Breastfeeding within first hour was defined 

as initiates breastfeeding within first hour after birth. In the DO form, breastfeeding 

within first hour was measured as yes or no question that RAs observed and checked 

according to health providers’ practices. In the medical record form, breastfeeding within 

first hour was measured as a categorical value answered as no, yes, and not recorded 

survey question. 

2.8 Data analysis 

Data were cleaned, coded and analyzed using STATA 15.1 software (StataCorp, 

College Station, TX). I used Microsoft Excel to estimate the bias parameters and to 
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perform quantitative bias analysis. Adherence to each QoC indicator was defined as 

whether the provider was observed to perform the corresponding indicator among the 

eligible deliveries. 

Bias parameters 

To measure the validity of medical record data, adherence to each QoC indicator 

measured using the medical record data was compared with adherence to the 

corresponding QoC indicator measured using direct observation data of the same 

childbirth deliveries. Based on these data, four bias parameters - sensitivity, specificity, 

PPV, and NPV - were calculated by treating the DO as the ‘gold-standard.’ The Wald 

method was used to calculate the 95 percent confidence intervals for the bias parameters.  

Quantitative bias analysis (QBA) 

Quantitative bias analysis was used to evaluate the influence of outcome 

misclassification in the medical record of evaluation data. By using the bias parameter 

values from the validation data, I conducted a simple bias analysis to measure the 

magnitude and direction of this outcome misclassification. Further, I determined whether 

use of a medical record as a data collecting tool introduced bias into estimating the 

efficacy of the LN training modules for 11 QoC indicators. I assumed non-differential 

misclassification i.e. the same magnitude of misclassification between the exposed and 

the unexposed groups.   

Measure of association. I collapsed the evaluation data into unexposed (pre-

training) and exposed (post-training) groups to estimate the efficacy of the LN training 
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modules on 11 QoC indicators. Exposure was defined as time before and after the 

providers received the training on 11 QoC indicators. If the deliveries occurred before a 

critical clinical training on a particular QoC indicator, they were classified as unexposed. 

If the deliveries occurred after the relevant clinical training, they were classified as 

exposed.  

Two separate measures of association, the prevalence ratio and the odds ratio 

were used to estimate the efficacy of the LN training module on adherence to QoC 

indicators. For both measures, a value greater than 1.0 indicates a relative increase in 

adherence to clinical quality practices, comparing the post training intervention period to 

the pre-training period. Conversely, a value between 0 and 1.0 indicates a relative 

decrease in adherence over time.  

Example: calculation of bias parameters related to the indicator ‘Immediate skin-to-

skin after delivery’  

1) I calculated the four bias parameters from the validation data.  

 

 

 

Four bias parameters were applied to correct for the outcome misclassification of 

the evaluation data. An overview of this correction using ‘Immediate skin-to-skin after 

delivery’ as an example indicator is shown below (Figure 3).  

  Observed  
   Not-
observed    

Recorded 101 125 226 
Not Record 1 12 13 

  102 137 239 

Sensitivity  0.99 
Specificity  0.09 
PPV 0.45 
NPV 0.92 
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Figure 3. Use of quantitative bias analysis to correct medical chart data related to the 
indicator ‘Immediate skin-to-skin after delivery’. 

2) To correct for outcome misclassification of the exposed group, I used PPV (0.45) 

and NPV (0.92) from the validation data. I directly applied the predictive values to 

calculate the cell totals.  

3) To correct for outcome misclassification of the unexposed group, I followed two 

steps:  

 3a) I estimated the true adherence rate of the unexposed group. See below 

formula for detail. For example, for immediate skin-to-skin after delivery, 0.968 is 

the adherence rate of the unexposed group before the correction and 0.950 is the 

adherence rate of exposed group before the correction. 0.428 is the adherence rate 

of exposed group after the correction and 0.436 is the adherence rate of unexposed 

group after the correction (aka. the true adherence rate of the unexposed group).  
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𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑔𝑔𝑔𝑔𝑈𝑈𝑔𝑔𝑈𝑈
𝐸𝐸𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑔𝑔𝑔𝑔𝑈𝑈𝑔𝑔𝑈𝑈 

=  
0.968 (𝑔𝑔𝑈𝑈𝑢𝑢𝑈𝑈𝑔𝑔𝑔𝑔𝑈𝑈𝑢𝑢𝑢𝑢𝑈𝑈𝑈𝑈)
0.950 (𝑔𝑔𝑈𝑈𝑢𝑢𝑈𝑈𝑔𝑔𝑔𝑔𝑈𝑈𝑢𝑢𝑢𝑢𝑈𝑈𝑈𝑈)

=  
0.436 (𝑢𝑢𝑈𝑈𝑔𝑔𝑔𝑔𝑈𝑈𝑢𝑢𝑢𝑢𝑈𝑈𝑈𝑈) 
0.428 (𝑢𝑢𝑈𝑈𝑔𝑔𝑔𝑔𝑈𝑈𝑢𝑢𝑢𝑢𝑈𝑈𝑈𝑈)

 

3b) To correct the unexposed group misclassification, I used the true adherence 

rate of the unexposed group, sensitivity (0.99) and specificity (0.09) of the 

validation data. I calculated the marginal column totals based on the true 

adherence rate of the unexposed group. I then use sensitivity and specificity from 

the validation data to calculate the cell totals.   

4) I combine the corrected data for exposed and unexposed group to get the complete 

corrected data.  

5) Measures of association. Once the complete corrected data were obtained, I measured 

the prevalence ratio and the odds ratio to estimate the efficacy of the LN training 

modules. Prevalence ratio and odds ratio for the ‘Immediate skin-to-skin after delivery’ 

indicator was estimated using the complete uncorrected and corrected data (Figure 4). 

The Wald method was used to calculate the 95 percent confidence intervals for the 

prevalence ratios and odds ratios. Because this simple bias analysis method does not 

allow for incorporation of systematic error into the variance calculation, these 95% 

confidence intervals account for random error only. 
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Figure 4. Prevalence ratio (PR) and Odds ratio (OR) of the uncorrected and corrected 
data of ‘Immediate skin-to-skin after delivery’ indicator.  

 

Assumptions of the QBA calculation. Several assumptions were made during the QBA 

calculation.  

1) To correct the exposed group misclassification, I used the predictive values by 

assuming that the prevalence of the exposed group is the same as the validation data 

(non-differential misclassification). In case the validation data are not available, the 

predictive values are re-calculated based on the sensitivity and specificity values. Since I 

had the validation data, I was able to directly apply the predictive values to correct for 

misclassification in the exposed group. Therefore, the column totals for the exposed 

group in uncorrected data and the corrected data for exposed group are equal. I made this 

assumption based on the study design where the validation period directly followed the 

exposed (training) period.  

2) I calculated true adherence rate of the unexposed group by assuming that if the 

sensitivity and specificity are the same in the unexposed and the exposed groups (non-
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differential), then the relative change in the uncorrected adherence rate will be used to 

adjust the true ‘corrected’ adherence rate of the unexposed group.  

Since I assumed a different adherence rate between the exposed and unexposed 

groups, the rate of misclassification (i.e. bias parameters) varied between the two groups 

(Figure 5) even though I assumed non-differential misclassification of the outcome. The 

PPV is higher in the exposed group while the NPV is slightly higher in the unexposed 

group. As a result, the column total of the uncorrected data for the unexposed group and 

the corrected data for unexposed group are different, which is different from the exposed 

group.  

 

Figure 5. Different bias parameters between the exposed and unexposed groups due to 
change in the adherence rate.  
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2.9 Ethics 

Ethical approval was obtained from the Uganda National Council of Science and 

Technology, The Aids Support Organization in Ugandan, and the Duke University 

Campus institution review board. 
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3. Results 
A total of 1,146 medical records were abstracted during the evaluation data 

collection period. A total of 321 deliveries were observed by the research assistants and 

the corresponding 321 medical records were abstracted across the six HFs during the 

validation data collection period.   

3.1 Bias parameters 

Sensitivity, specificity, PPV and NPV of 11 QoC indicators in the validation data 

of obstetric and neonatal care in six rural primary health facilities using the DO as the 

gold standard was summarized (Table 5). The 95 percent confidence intervals around the 

four bias parameters were also estimated (Table 5). The average values of the sensitivity 

and the specificity were 0.84 and 0.34, respectively. If the procedure was observed, the 

providers were more likely to document the performed procedure correctly on the 

medical record. However, if the procedure was not observed, the providers were more 

likely documented incorrectly as performed. In other words, if the provider performed the 

procedure, the medical record showed a higher validity in identifying the positive 

adherence to QoC indicator. The 2x2 tables comparing the DO data with the medical data 

of 11 QoC indicators in the validation data are available in Appendix E. 
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Table 5. Summary of sensitivity, specificity, PPV, and NPV of the 11 QoC indicators in the validation data of obstetric and neonatal 
care in six primary health facilities in Uganda, using direct observation as the gold-standard.    

No. Indicator(s) Sensitivity  Specificity PPV NPV 
1 Urine analysis (n=270) 0.30 (0.02,0.58) 0.87 (0.82, 0.91) 0.08 (0.001, 0.16)  0.97 (0.95, 0.99) 
2 Use of oxytocin to prevent PPH (n=183) 0.98 (0.96, 1.00) 0.67 (0.13, 1.002) 0.99 (0.98, 1.002) 0.40 (0.001, 0.83) 
3 Delayed cord clamping (>1 minute) (n=155) 0.97 (0.94, 1.00) 0.09 (0.001, 0.19) 0.80 (0.73, 0.86) 0.43 (0.06, 0.80) 
4 Use of sterile blade or scissors to cut cord (n=224) 0.16 (0.11, 0.21) 1.00 (1.00, 1.00)  1.00 (1.00, 1.00) 0.02 (0.00, 0.03) 
5 Documentation of 1-minute APGAR score (n=259) 1.00 (1.00, 1.00) 0.12 (0.08, 0.17) 0.23 (0.18, 0.28) 1.00 (1.00, 1.00) 
6 Documentation of 5-minute APGAR score (n=107) 0.93 (0.83, 1.002) 0.25 (0.16, 0.34) 0.29 (0.20, 0.39)  0.91 (0.79, 1.002)  
7 Immediate skin-to-skin after delivery (n=237) 0.99 (0.97, 1.002)  0.09 (0.04, 0.14)  0.45 (0.38, 0.51) 0.92 (0.78, 1.002)  
8 Baby dried immediately (n=191) 0.98 (0.97, 1.00) 0.00 (0.00, 0.00)  0.95 (0.92, 0.98) 0.00 (0.00, 0.00) 
9 Use of Tetracycline eye ointment (n=224) 0.97 (0.94, 0.99) 0.03 (0.001, 0.09)  0.86 (0.81, 0.90) 0.14 (0.001, 0.40)  
10 Vitamin K to newborn (n=224) 0.99 (0.98, 1.002)  0.23 (0.10, 0.36) 0.86 (0.81, 0.91)  0.90 (0.71, 1.002)  
11 Breastfeeding within the first hour (n=199) 0.99 (0.98, 1.001)  0.33 (0.18, 0.49) 0.87 (0.82, 0.92)  0.92 (0.78, 1.002)  
  Average 0.84 (0.79, 0.89) 0.34 (0.23, 0.43) 0.67 (0.62, 0.72) 0.60 (0.46, 0.73)  

Note: excluded “missing”, “don’t know”, “not applicable”, and “not observed sections in the direct observation.”  
1- a lower bound for 95% confidence interval was censored at 0.00 
2- an upper bound for 95% confidence interval was censored at 1.00  
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Sensitivity. Two (18%) out of 11 QoC indicators had the sensitivity values less 

than 0.50. Use of sterile blade or scissors to cut cord (No.4) had the lowest sensitivity at 

0.16. Even though the providers used sterile blade or scissors to cut the cord, only 16% of 

cases were correctly recorded in the medical record. Thus, the medical record was 

underestimating the adherence of this quality indicator. Even though the providers used a 

sterile instrument to cut the cord, they recorded incorrectly in the medical record. 

Meanwhile, documentation of 1-minute APGAR score (No. 7) had the highest sensitivity 

of 1.00. For every delivery where the documentation of 1-minute APGAR score was 

observed, the providers correctly recorded the procedure. 

Specificity. Eight (73%) out of 11 QoC indicators had a specificity value less than 

0.50. More than half of the observations, when the DO recorded as “No”, the medical 

record was misclassified as “Yes”, indicating that the medical record overestimated 

adherence of QoC indicator. For instance, the skin-to-skin after delivery (No. 7) had an 

estimated specificity of 0.09. When the RA did not observe the provider facilitating skin-

to-skin contact between mother and baby, only 9% of cases matched between the medical 

record and the observation. Conversely, in 91% of the cases the medical record noted 

performing skin-to-skin while the direct observation did not. For some indicators, a low 

specificity value could be due to a low negative adherence rate. Baby dried immediately 

(No. 8) had an estimated specificity of 0.00. Among observed deliveries that did not 

perform this procedure (negative adherence rate), all of them misclassified the procedure 
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as performed on the medical record. But the negative adherence rate was only 4.7% i.e. 

only 9 out of 191 observed deliveries did not perform the skin-to-skin procedure. 

Predictive values. The average values of the PPV and the NPV were 0.67 and 

0.60, respectively. Overall, the medical record showed a similar possibility in 2 cases: 1) 

among all recorded to perform the procedure, the direct observation also identified as 

performed, and 2) among all recorded to not perform the procedure, the direct 

observation also identified as not performed. However, at an individual level, the 

predictive values were highly influenced by the underlying adherence to QoC indicators. 

Positive predictive value. Even when specificity is high, PPV can be low, due to 

a low underlying adherence rate. For example, specificity of urine analysis (No.1) was 

quite high (0.87); however, PPV was significantly lower (0.08) because the adherence 

rate was only 0.04; i.e., urine analysis was observed to perform only 4.0% of the total 

eligible deliveries. Meanwhile, sensitivity for use of sterile blade or scissors to cut cord 

(No.4) was low at 0.16, but the PPV was 1.0 due to a high adherence rate of 0.99. Since 

cutting of the umbilical cord was needed to complete the delivery procedure, a high 

adherence rate was expected. 

Negative predictive value. Similar to the PPV, NPV is influenced by the 

adherence rate. For instance, breastfeeding within the first hour (no. 11) had a low 

specificity at 0.33 but a high NPV at 0.92. This high NPV was due to a relatively high 
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adherence rate of 0.82 i.e. breastfeeding within the first hour was observed to perform 

among 82% of the total eligible deliveries. 

3.2 Quantitative bias analysis (QBA) 

The prevalence ratios and odds ratios of uncorrected and corrected data before 

and after applying QBA to 11 QoC indicators in the evaluation data in six primary health 

facilities in Uganda are summarized in Table 6 and Table 7, respectively. Both Table 6 

and Table 7 includes the true adherence rate of the unexposed group. For use of sterile 

blade or scissors to cut cord (no.4), the true adherence rate was censored at 100% because 

the relative change in the uncorrected data was estimated to be over 100%.  

The paired uncorrected and corrected cell counts in forms of 2x2 tables for all 

study QoC indicators are listed in Appendix F. Because I assigned the predictive values 

from the validation data, the marginal column totals did not change. However, the 

marginal row totals significantly shifted from the uncorrected data to the corrected data. 
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Table 6. Uncorrected and corrected prevalence ratios (PR)  using simple quantitative bias analysis for 11 QoC indicators of 
obstetric and neonatal care in six primary health facilities in Uganda.   

    From the validation data Uncorrected Corrected 
No.  Indicators Adhu Sensitivity Specificity PPV NPV PR (95 CI) PR (95 CI) 
1 Urine analysis (n=1089) 6.76% 0.30 0.87 0.08 0.97 1.01 (0.95,1.07) 1.01 (0.67,1.51)   
2 Use of oxytocin to prevent PPH (n=834) 98.89% 0.98 0.67 0.99 0.40 0.99 (0.97,1.01) 0.99 (0.98,1.01) 
3 Delay cord clamp >1min (n=360) 79.14% 0.97 0.09 0.80 0.43 0.97 (0.90,1.03) 0.97 (0.88,1.06) 

4 Use of sterile blade or scissors to cut cord 
(n=468) 100.00%1 0.16 1.00 1.00 0.02 0.35 (0.20,0.57) 0.99 (0.97,1.00) 

5 Documentation of 1-minute APGAR 
score (n=1075) 22.72% 1.00 0.12 0.23 1.00 0.96 (0.94,0.98) 0.96 (0.78,1.18) 

6 Documentation of 5-minute APGAR 
score (n=1060) 22.05% 0.93 0.25 0.29 0.91 1.14 (1.07,1.21) 1.14 (0.94,1.38) 

7 Immediate skin-to skin after delivery 
(n=945) 43.62% 0.99 0.09 0.45 0.92 0.98 (0.96,1.00) 0.98 (0.87,1.11) 

8 Baby dried immediately (n=615) 91.13% 0.98 0.00 0.95 0.00 1.05 (1.01,1.09) 1.05 (1.01,1.08) 
9 Use of tetracycline eye ointment (n=681) 87.28% 0.97 0.03 0.86 0.14 0.98 (0.95,1.01) 0.98 (0.94,1.03) 
10 Vitamin K to newborn (n=699) 82.06% 0.99 0.23 0.86 0.90 0.98 (0.95,1.01) 0.98 (0.92,1.04) 

11 Breastfeeding within the first hour 
(n=962) 84.41% 0.99 0.33 0.87 0.92 0.98 (0.96,1.00) 0.98 (0.94,1.03) 

Adhu – True adherence rate of the unexposed group in the evaluation data  
1- Adh2 for ‘use of sterile blade or scissors to cut cord’ was censored at 100% 
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Table 7. Uncorrected and corrected odds ratios (OR)  using quantitative bias analysis for 11 QoC indicators in the evaluation data 
of obstetric and neonatal care in six primary health facilities in Uganda. 

   From the validation data Uncorrected Corrected 
No.  Indicators Adhu Sensitivity Specificity PPV NPV OR (95 CI) OR (95 CI) 
1 Urine analysis (n=1089) 6.76% 0.30 0.87 0.08 0.97 1.03 (0.75,1.42) 1.01 (0.59,1.71) 
2 Use of oxytocic to prevent PPH (n=834) 98.89% 0.98 0.67 0.99 0.40 0.77 (0.33,1.81) 0.60 (0.18,1.95) 
3 Delay cord clamp >1min (n=360) 79.14% 0.97 0.09 0.80 0.43 0.77 (0.41,1.41) 0.85 (0.52,1.41) 
4 Use of sterile blade or scissors to cut cord (n=468) 100.00%1 0.16 1.00 1.00 0.02 0.31 (0.16,0.59) 0.07 (0.00,3.58) 

5 Documentation of 1-minute APGAR score 
(n=1075) 22.72% 1.00 0.12 0.23 1.00 0.27 (0.12,0.57) 0.95 (0.69,1.31) 

6 Documentation of 5-minute APGAR score 
(n=1060) 22.05% 0.93 0.25 0.29 0.91 1.65 (1.20,2.27) 1.18 (0.86,1.62) 

7 Immediate skin-to skin after delivery (n=945) 43.62% 0.99 0.09 0.45 0.92 0.62 (0.32,1.19) 0.97 (0.74,1.26) 
8 Baby dried immediately (n=615) 91.13% 0.98 0.00 0.95 0.00 1.87 (1.01,3.46) 2.05 (1.06,4.00) 
9 Use of tetracycline eye ointment (n=681) 87.28% 0.97 0.03 0.86 0.14 0.72 (0.37,1.40) 0.87 (0.56,1.36) 
10 Vitamin K to newborn (n=699) 82.06% 0.99 0.23 0.86 0.90 0.71 (0.39,1.32) 0.89 (0.61,1.31) 
11 Breastfeeding within the first hour (n=962) 84.41% 0.99 0.33 0.87 0.92 0.66 (0.35,1.23) 0.89 (0.63,1.27) 

Adhu – True adherence rate of the unexposed group in the evaluation data  
1- Adh2 for ‘use of sterile blade or scissors to cut cord’ was censored at 100% 
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Prevalence ratio (PR). Correction for evaluation data on outcome 

misclassification did not significantly change the prevalence ratio for the majority of 

study indicators. Only one (9%) out of 11 QoC indicators showed a significant change in 

prevalence ratio from uncorrected to corrected data. Use of sterile blade or scissors to cut 

cord indicator (no.4) prevalence ratio increased from 0.35 (95% CI = 0.20, 0.57) to 0.99 

(95% CI= 0.97, 1.00). Even though the corrected prevalence ratio was not greater than 

1.0, when I correct for the outcome misclassification in the medical record, the efficacy 

of the LN training module on adherence to this indicator increased from unexposed (pre-

training) to exposed (training) groups. In other words, the medical record was 

underestimating the prevalence of adherence to this indicator by misclassifying the 

performed practices.  

Despite a low change in the point estimates, the 95 confidence intervals for the 

prevalence ratio got wider once the correction was made. The confidence interval of 

breastfeeding within the first hour (no. 11) got wider by 0.05 from uncorrected (95% CI = 

0.96, 1.00) to corrected data (95% CI = 0.94, 1.03) (Table 6) while its point estimate 

remained the same at 0.98. Once the bias due to misclassification was adjusted, the 

variance of point estimate increased. Inflation of variance reduced the statistical power of 

the prevalence ratio due to bias-variance trade-off.   

Odds ratio (OR). Unlike the prevalence ratio, the odds ratio for the majority of 

indicators significantly changed once the correction was made for the outcome 

misclassification. Seven (63%) out of 11 QoC indicators’ odds ratio increased from 

uncorrected to corrected data. The efficacy of the LN training module on the odds of 



 

38 

performing these seven indicators increased from unexposed (pre-training) to exposed 

(training) groups once the correction for outcome misclassification was conducted. For 

these seven indicators, the medical record was underestimating the odds of adherence to 

these indicators. For instance, odds ratio of immediate skin to skin after delivery (no.7) 

significantly increased from 0.62 (95% CI = 0.32, 1.19) to 0.97 (95% CI = 0.74, 1.26). 

Meanwhile, four (36%) out of 11 QoC indicators’ odds ratio decreased from 

uncorrected to corrected data. For instance, documentation of 5-minute APGAR score 

(no.6) significantly decreased from 1.65 (95% CI = 1.20, 2.27) to 1.18 (95%CI = 0.86, 

1.62). In other words, the medical record was overestimating the odds of adherence to 

these four indicators.  

Overall, the changes in the odds ratio were greater than the changes in the 

prevalence ratio. The 95 percent confidence intervals were wider in the odds ratio than 

the prevalence ratio. Wider the confidence intervals imply less precise point estimates. 

Therefore, the point estimates of the prevalence ratio are more precise than the point 

estimates of the odds ratio. Since these intervals only account for the random error, the 

corrected confidence intervals would be wider if the systematic error were included.   
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4. Discussion  
4.1 Main finding and its contribution    

This study aimed to understand the validity of the medical record in measuring 

the quality of obstetric and neonatal services in rural health facilities in Uganda. When 

compared with the gold-standard, direct observation (DO), the medical record showed 

poor validity by overestimating the adherence to QoC indicators. In other words, health 

providers who documented the medical record generally over-reported their performance 

to the quality of obstetric and neonatal care indicators.  

Quality of care in LMICS has been poorly measured46 and thus largely 

overlooked compared to the coverage of health care.1–3 An editorial published in World 

Health Organization (WHO) Bulletin recommends development partners to contribute by 

developing and validating quality measurement standards, data collection tools and 

supporting evaluation research.46 Direct clinical observations to assess care provision for 

275 mother-neonate pairs at 26 hospitals in Uttar Pradesh, India found poor QoC in both 

private and public facilities and called for initiatives to measure and improve QoC during 

labor and childbirth.47  

This study validated a common quality measuring tool, the medical record, during 

labor and childbirth. Despite the general understanding on poor quality of the medical 

record in low resource settings,19,26 quantification of its effect on the health process has 

rarely been conducted.  

Additionally, this study examined the effect of poor-quality medical record on 

intervention to improve the healthcare quality by assuming non-differential 
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misclassification for unexposed and exposed groups. Once the poor quality of data was 

adjusted, the odds of providers’ adherence to QoC indicators before and after the 

intervention significantly changed. However, the poor quality of data did not change the 

prevalence of provider’s adherence before and after the intervention. Thus, this study fills 

a gap in quality of care research literature by validating an important quality measuring 

tool and quantifying its effect on interventions to improve health care quality. 

4.2 Implication from sensitivity and specificity 

When I compared the medical record data with the DO, the gold-standard, I found 

that 84% of the record data matched with the observed data reported by the RAs. 

However, only 34% of the record matched with the unobserved data reported by the RAs. 

In other words, the health providers who completed the medical record were more likely 

to misreport the procedures that they did not performed.  

Use of sterile blade or scissors to cut cord showed unusually low sensitivity at 

0.16. Among the deliveries that were observed to perform this procedure, only 16% of 

them were correctly recorded on the medical record. The providers were underestimating 

their adherence to this indicator. This could be due to the data collection form of this 

study. The question on sterility of the instrument to cut cord was specially added for the 

LN medical record form, the primary source of data, which was provided to all six health 

facilities as part of the LN quality training intervention. Prior to the training, these 

facilities primarily used the Ministry of Uganda Health Labor Progress Chart, which does 

not ask about the sterility of the instrument to cut the cord.45 Therefore, the providers 

could have under-valued this indicator because it was newly added. Thus, a low 
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sensitivity value should not be directly interpreted as underestimating of the adherence to 

QoC indicator.   

Delayed cord clamping showed a low specificity of 0.09. Among the deliveries 

that were not observed to perform this procedure, only 9% of the medical record reported 

as not performed. Conversely, more than 90% of the record misreported by saying that 

the delayed cord clamping was done when in fact it was not performed. This indicator is 

one of the most time-sensitive procedure where the providers need to know the exact 

timing to correctly report on the medical record. In case the providers did not have 

working clock or watch to monitor the timing, it is hard to report accurately on the 

medical record. Thus, the assessment of this indicator is highly influenced by the 

structural availability of the health facilities. Thus, this finding shows the interconnected 

relationship between the structural availability and QoC in the low-resource settings.   

Documentation of 1-minute and 5-minute APGAR scores had almost perfect 

sensitivity but much poorer specificity (Table 6). Among the observed deliveries, the 

documentation of these two scores was correctly matched on the medical record. 

However, when the providers were not observed to perform the documentation, the 

providers later reported as documented on the medical record. This phenomenon could be 

explained by a common practice among the providers assessing the newborn in their head 

but not recording the APGAR scores in real-time. If this has occurred, the RAs could not 

have observed this procedure and answered the DO checklist as not documented. For 

these two indicators, it is important to not assumed that the providers intentionally 

misreported on the medical record. In fact, the providers could have correctly assessed 
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the newborn just did not document in real-time. Therefore, DO may not be a gold 

standard measurement of APGAR and other more reliable methods of assessment may 

need to be developed.  

 Five routine QoC indicators – immediate skin-to-skin after delivery, baby dried 

immediately, use of tetracycline eye ointment, vitamin K to newborn, and breastfeeding 

within the first hour – also showed high sensitivity but poor specificity values (Table 6). 

Among the deliveries that were not observed to perform these procedures, more than half 

of the medical record was misreported as performed. Since these procedures can be 

clearly observed by the RAs, the chance of misreporting by the RAs is not as likely as the 

APGAR scores. Thus, the low specificity values of these 5 indicators are alarming since 

these indicators are high value QoC indicators due to their direct influence on the health 

of newborn. Thus, this poor specificity values strengthens the poor validity of the medical 

record particularly for QoC indicators related to the health of the newborn.  

4.3 Implication from predictive values  

Unlike sensitivity and specificity, predictive values are highly influenced by the 

underlying prevalence of the adherence to QoC indicators. Thus, interpretation of the 

predictive values should be understood in context with the known adherence rate.   

 For instance, urine analysis has the PPV of 0.08. Among the deliveries that were 

recorded to perform the urine analysis, only 8% of them were observed by the RAs. In 

other words, the providers misreported on the medical record that they conducted the 

procedure when only 8% of them were observed by the RAs. This low PPV is affected by 

a low adherence rate of 4% i.e., urine analysis was observed to perform only 4% of the 
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total eligible deliveries. This low adherence rate could be due to several factors. First, the 

RAs were not aware of this procedure because urine analysis could have done in a sperate 

area from the delivery ward where the RAs were stationed. Second, the providers could 

not perform the urine analysis due to a shortage of necessary equipment such as urine 

dipstick. Third, the delivering mother came to the facility at an advance stage of labor so 

conducting and waiting for the urine analysis result was impractical. Lastly, the providers 

did not value the urine analysis as high-quality care practice due to its high cost in time 

and labor. If the last one is the reason for a low adherence rate, provide training to the 

providers and equipping the health facilities need to be done before we expect to see the 

quality improvement in these rural health facilities.  

Even if the adherence rate is high, the predictive value can still be low. For 

instance, baby dried immediately has the NPV of 0.00 while the adherence rate is 0.95. 

Among the total eligible deliveries, 95% of the cases were observed to dry the newborn 

immediately after birth. A high adherence rate could have been a result of the quality 

training program of this study. Also, baby dried immediately is asked on the medical 

record that were provided at each facility.  

Two by two table of an indicator ‘Baby dried immediately’ provides more detail 

(Appendix E). Among nine deliveries that were not observed to perform the immediate 

drying of the newborns, all nine cases were recorded to perform on the medical record. 

World Health Organization recommends an immediate drying of the baby after birth to 

ensure a healthy baby.48 Even though nine cases out of 191 eligible cases seem to be low, 
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100% misreporting rate is still alarming. Thus, future studies should focus on 

understanding the cause of such a high misreporting rate.  

4.4 Implication from quantitative bias analysis (QBA) 

 When I correct for outcome misclassification in the medical record of the 

evaluation data, the odds ratio changed for the majority of the study indicators. 

The odds ratio for immediate skin-to-skin after delivery significantly increased (Figure 

4). This increase is due to the shift of the marginal row counts of the data from 

uncorrected to corrected data. The odds ratio is more prone to the shift of the row counts 

than the prevalence ratio. Once the correction was made for the outcome 

misclassification, the odds of performing the immediate skin-to-skin after delivery 

increased by 35%. This implies that misclassification in the medical record caused an 

underestimation of the odds of performing the immediate skin to skin after the delivery.   

Unlike the odds ratio, the prevalence ratio did not change for the majority of the 

study indicators. One of the examples is the immediate-skin-to-skin after delivery (Figure 

4). However, 95 percent confidence intervals were wider in the corrected data. In other 

words, the correction for the outcome misclassification reduced the precision of the point 

estimate. This implies that misreporting on the medical record reduces the precision of 

the providers’ performance on the immediate skin-to-skin after delivery.  

However, this low change in prevalence ratio could have been influenced by 

something other than misclassification. To estimate the efficacy of the clinical training 

modules on the quality indicators, we defined the exposure as time before and after the 

providers received the trainings on the selected QoC indicators. By this definition, we 
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assumed that receiving the training will significantly change the providers’ performance 

on QoC indicators. Relying on one time point to measure the behavior change could have 

been the reason for a low change in prevalence ratio.  

4.5 Implications for future research   

Several future studies are proposed from this study. First, studies need to develop 

an easier and more user-friendly medical record to save time for the health providers. So 

that the accuracy of the documentation can be improved in low resource settings. Second, 

studies need to investigate other components of the health systems such as human 

resources and structural availability to better understand the underlying issue of this poor 

documentation of the medical record. Third, studies need to identify areas of quality care 

that providers need further training, and develop effective training models to change the 

behavior of health providers. Fourth, future studies need to validate other areas of clinical 

care to better understand QoC that patients are receiving, especially in low income 

settings. Lastly, more studies need to focus on quantifying the bias of the process 

measuring tools in resource-limited settings. Using the bias estimation, studies need to 

adjust the data to observe any effect on the inference that receiving the training improves 

QoC.  

4.6 Study limitations     

This study is not without limitations. First, the behavior of health providers could 

have been affected by the presence of the RAs during the observation period. Leonard et 

al. found a change in QoC before and after the arrival of the research team in Tanzania 27. 

This phenomenon is called the Hawthorne effect, which refers to a situation in which an 
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individual’s behavior is altered by the observation itself. 27 If such an effect occurred for 

this study, DO might have overestimated the adherence of the clinical practices. Second, 

the DO could have underestimated the adherence rate if the procedure such as urine 

analysis was conducted when the RAs were not observed. We ensured the RAs to be 

aware of the setting of health facility so that they were well aware of the facility. Also, 

the health providers at each facility were aware of the study and informed the RAs in case 

the mother came to deliver the baby. Third, interrater reliability could not be measured 

because one delivery was observed by only one RA. The consistency of the data could 

have improved if interrater reliability was measured.49 During the training, we conducted 

a lesson to ensure the consistency of data where the RAs recorded the data by watching a 

video of childbirth delivery and compared the data afterward. Fourth, a low number of 

health facilities limits the generalizability of our results. The purpose of this study was 

not to validate the performance of the providers but rather to verify the measuring tool, 

the medical record. I believe this study provides a valid estimation of this instrument. 

Fifth, I assumed non-differential misclassification for the QBA based on this study 

design. Since adherence rates were different for each indicator, varying predictive values 

were applied to conduct the QBA. Thus, my study estimates are not necessarily 

conservative which is normally observed under the non-differential misclassification.   

Sixth, the Wald method to estimate the 95 percent confidence intervals only included the 

random error but not the systematic error (bias). Thus, these intervals are narrower than 

the true variance because including the systematic error would have widened the 

confidence intervals. Lastly, using one time point (received the training) to measure the 
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change in provider behavior is a limitation of this study design. Stratifying the 

performance at the provider level could have strengthen the quality of data. However, I 

did not collect the data at the provider level so cannot estimate provider-level differences 

in adherence.  
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5. Conclusion  

The medical records for childbirth deliveries in Uganda demonstrated poor 

validity in measuring QoC compared with direct observation. Over-estimation of the 

provider’s QoC performance was found in the medical record. Studies measuring QoC 

that rely on medical record data should be interpreted carefully, especially for obstetric 

and neonatal services. Meanwhile, poor record data showed a mixed result on the 

efficacy of the quality improvement program. Only little change in the prevalence ratio 

was observed, despite often large changes in the odds ratio. Studies using the record data 

to evaluate the program efficacy should be done carefully, especially in low-resource 

settings.   
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Appendix A 

Direct observation (DO) form (questions used in this study was highlighted)  
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Appendix B 
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Appendix C 

LifeNet medical record form  
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Appendix D 

Consent form for direct observation  
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