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The benefits of participating in high-quality Early Childhood Education (ECE) have been recognized by people for many years; and the need for high-quality ECE has never been greater. In this case study, we focus on whether ECE can improve learning speed in five domains: social, emotional, communication, cognition, and physical development. The initial ages for each of these five domains, in months since birth, are collected and compared with that of common children as described in Nipissing District Developmental Screen (NDDS). We find that children in the ECE program learned faster with a p-value no >0.0078. In addition, students in an ECE program are labeled by their ages at enrollment as Cohort 1 (infant) and Cohort 2 (toddler), and we conduct the following statistical tests on their difference: Welch's t-test, Hoteling's T2-test, and survival analysis. We find that the average initial observation age of Cohort 1 is 4.82 months earlier than that of Cohort 2 with a p-value no >0.009. We are convinced that ECE programs could advance students' learning in all five domains.
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1. Introduction

As we know in traditional education, the main tools of teaching are a blackboard and chalk. It is a teacher-based, i.e., memorization and recitation practice-based education method. Whereas, modern education is more activity-based, which treats students individually according to their own progress in learning (1). The need for high-quality ECE has never been greater (2–4). In recent years there is an increasing trend of new teaching styles, aiming at solving the challenges faced by traditional teaching methods. For example, one of these challenges is that students in large classes have the tendency to “drift off task” more (5). Another challenge is the non-homogeneity of learning paces among students (6) in large classes. However, it could be hard to tell whether the desired improvements have been achieved for ECE students since the standard external assessments and teacher-based assessments are not applicable to ECE students. Still, in the modern ECE program, the best learning approach is to personalize each child's daily activities in terms of their own pace and learning style. In addition, measurable results of each child's progress and achievement are important for educators and parents to clearly evaluate each child's learning progress.

The standard external assessments and teacher-based assessments are meant for school-aged students and must be taken frequently to test the efficacies of different instruction methods (7). The standardized examinations are designed and marked outside of individual schools and, thus, are used mainly for large-scale testing. The teacher-based assessment is an internal assessment conducted by an individual teacher and can be tailored to an individual student (8). For rating licensed childcare centers, the Assessment for Quality Improvement (AQI) is the primary assessment tool in Canada. The AQI assesses a broader range of factors including the learning experiences, learning environment, and interactions between teachers and children. For evaluating individual Early Childhood Education (ECE) students, Nipissing District Developmental Screen (NDDS) is a well-accepted developmental screening tool for children between 1 and 72 months. It provides common expectations on critical skills in social, emotional, communication, cognition, and physical development (9, 10) for ECE students. For example, in the NDDS Looksee checklist, an 18-month child is expected to “Identify pictures in a book” (11).



2. Motivations

There are different opinions on the efficacy of ECE programs. Barnett and Belfield (12) argues that ECE programs improve children's learning outcomes in many aspects including social ability, language acquisition, mathematics, and communication skills. However, Erickson (13) shows that social development among children, as indicated by both emotional and behavioral measures, had significantly deteriorated in Quebec, relative to the rest of Canada due to the compulsory full-day, year-round childcare for all children under the age of 5 years launched in 1997. Additionally, a study by the National Institute of Child Health and Human Development (NICHD) in the US shows that “children who were cared for exclusively by their mothers did not develop differently than those who were also cared for by others” (14). Moreover, Rockville and Maryland claimed that the kindergarten entry age has no relationship with socioemotional functioning (15). For this reason, we are motivated to develop a data-driven approach to evaluate the quality of ECE programs and study their impact on the learning of its students.

Alice and Roberts-Holmes (16) mentioned the increasing importance of data-driven analysis in primary education. The well-known longitudinal data in the National Longitudinal Study of Children and Youth [NLSCY, (17)], were collected every 2 years over Canadian Children's long-term development from 0 to 7 and 14 to 25 years old. Although this survey is useful for examining the general child and parental outcomes, the frequency of data collection is not sufficient to capture the details in the fast developmental stage of early childhood learning. Cleveland et al. (18) demonstrated that Canadian data about ECE programs are incomplete and inconsistent. The availability of high-quality ECE program data is rather limited, and data-driven statistical analyses on the evaluating ECE are still rare (19, 20). Some educational institutions and researchers have been aware of this issue and made some efforts such as collecting data and conducting surveys (21, 22). Here, in this study, the data-driven analysis was conducted on the ECE program where data was collected daily over 2 years from an ECE center in Ontario, where all statistical analysis is performed using Python.



3. Objectives

We would like to contribute a new ECE dataset, which is collected from an ECE center with 11 locations in Ontario, from January 2017 to December 2019.

We also would like to develop both exogenous and endogenous approaches to evaluate ECE program performance. In the exogenous approach, we compare the performance of children in an ECE program against the NDDS standards in every one of the five domains: social, emotional, communication, cognition, and physical (23). In the endogenous approach, we compare the performances of the children with different entry ages into the same ECE center, i.e., we test whether children with longer ECE education (Cohort 1) perform better than children with shorter ECE education (Cohort 2).

Both exogenous and endogenous approaches provide us with an informative evaluation of ECE programs. The exogenous approach answers whether children in an ECE program could outperform the NDDS expectations; and the endogenous approach answers whether children with a longer ECE education master social, emotional, communication, cognitive, and physical skills faster.



4. Data description and processing


4.1. Data description

The data was collected by the teachers in the Learning Jungle ECE center with 11 locations in Ontario from January 2017 to December 2019. They recorded the dates of the first observations of various skills from ECE students as the skill label and date tuples. The systematic NDDS labeling system was strictly followed, where each performance label has four digits, such as “1.1.9.4.” The first digit represents one of the five domains: Domain 1-Social, Domain 2-Emotional, Domain 3-communication, Domain 4-Cognition, and Domain 5-Physical developments. The second digit denotes the subdomain. There is no specific meaning for the subdomain. The third digit represents a skill. There are 14, 14, 34, 42, and 61 skills for these five domains, respectively. The last digit denotes a specific indicator. There are 149, 147, 230, 281, and 331 indicators for these five domains, respectively. For example, “1.1.9.4” stands for “approaching adults as sources of security and support” in Domain 1.

Nipissing District Developmental Screen provides the expected date of first observations for each label, while our real dataset collected the actual observation dates for individuals. For example, NDDS shows that “1.1.9.4.” shall be expected in the 36-month, and our dataset has actual records on when “1.1.9.4.” were observed for different ECE students. Table 1 lists label to be expected at the 36th month by NDDS and relevant to our dataset. Also note that NDDS only associate labels with nominal 2nd, 4, 7, 9, 12, 18, 24, 30, 36, 48, 60th, or 72nd months.


TABLE 1 Labels and meanings.
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4.2. Data processing

We verified and cleaned the dataset with records for 332 students. We first selected 248 students who enrolled in the ECE earlier than the 30th month and then stayed longer than 6 months, since students with shorter ECE experience are unlikely to show educational efficacy. We further selected records whose labels are expected at the 36th month as in NDDS, such as “1.1.9.4.” Records with performance labels associated with nominal 2nd, 4, 7, 9, 12, 18, 24, and 30th months are not as indicative as the labels associated with the nominal 36th due to the experience prior to the ECE education. Records with labels associated with the nominal 48, 60th, or 72nd months are rare since most children left ECE centers by the age of 4 years, hence, there are not sufficient records to establish conclusions for these performance labels. After these filters, 33 performance labels remained in the dataset, which is listed in Table 1. We further averaged the observation ages within each of the five domains. Table 2 shows a few representative rows from our final dataset. For example, entry 25.5 in the column “Domain 1/emotional” in the row with student ID “101” means the average time when the student with ID 101 first demonstrated any “emotional” performance labels as observed by teachers.


TABLE 2 Average observation ages (months) from each domain.
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We note that there are missing values in Table 2, for example, the entry associated with student 101 and domain 5 (physical) is empty, which indicates that teachers did not observe any activities as listed in domain 5 of Table 1 for the student 101 before the student left the program. Since there are plenty of labels in domain 5 and none of them were observed, it is reasonable to conclude that student 101 has not made physical development typically expected by the 36th month at the time the student left the program. Hence, the missing value is not an indicator of data quality; the missing value means the expected event has not happened yet. Due to the absence of students on observation day or early withdrawal from the ECE program, the missing data percentage at the indicator level ranges from 24 to 91%. This is the main reason why our analysis is focused on the Domain level. At the Domain level, the missing percentage in five domains is from 16 to 44%. In our analysis, we treat missing entries as right censored data in survival analysis and handle it with mean imputation for the t-test.

In the endogenous approach, we split students into two cohorts. The infant cohort (1), which has 37 students, entered the ECE program at the age of 18 months or earlier; the toddler cohort (2), which includes 50 students, started at the age between 18 and 30 months.




5. Statistical analysis

As laid out in our objectives, we conduct both the exogenous and the endogenous statistical analysis. In the exogenous approach, we visualize the observation ages (in the month) of children with ECE experience in five domains by using violin plots. Violin plots can display the distribution of observation ages—“minimum,” “first quarter,” “median,” “third quarter,” and “maximum,” as well as a kernel density, which shows the peaks in the data. It is a quite straightforward method to visualize the comparison between the observation ages of ECE children and the NDDS age labels. We add 36-month NDDS age labels in these violin plots for easy comparisons. Then we apply the one-sided proportion test to provide further statistical evidence on whether the proportion of students who master 36-month skills is larger than 75%. The null hypothesis is that the proportion of the population who have mastered 36-month skills at 36 months is equal to 75%; the alternative hypothesis is that the proportion is larger than 75%. NDDS only says that “most” of the children should catch these skills at the age of 36 months; hence, we choose the 75% as “most” for the purpose of developing a rigorous statistical analysis. We note that the same statistical analysis could be applied to other percentages equally well should 80%, 85%, or other percentages be perceived as “most” in the NDDS in different contexts or for different purposes.

In the endogenous approach, the descriptive statistics, i.e., means, medians, and standard deviations are summarized for five domains and both cohorts, and the mean observation ages are visualized in the result section. The distribution of observation ages in each domain is assessed by histograms. To test whether the mean observation age of Cohort 1 is younger than that of Cohort 2, we perform one-sided two-sample Welch's tests on these five domains. In each test, the null hypothesis is that the mean observation age of Cohort 1 equals that of Cohort 2, the alternative hypothesis is that the mean observation age of Cohort 1 is smaller than that of Cohort 2. Welch's t-test is a univariate test and does not consider the correlation between variables. Therefore, we further conduct Hotelling's T2-test, which is a multivariate generalization of the t-test and is able to tell whether the mean observation ages of two cohorts on all domains are different.

While two tests in the endogenous approach provide convincing evidence of the difference between the two cohorts, we would like to further investigate what is the exact difference. Hence, we performed a deeper statistical analysis: survival analysis, which is a good method for handling the missing values in our case. One goal is to investigate the effect of ECE start age on skills master age, and the other goal is to find the pattern of indicator observation ages in both cohorts and compare the probability patterns between the two cohorts by time.

Survival analysis is a typical statistical analysis approach for analyzing the expected duration of time until one or more events happen. It provides intuitive results concerning time-to-event for events of interest (24). The Cox Proportional-Hazards Model is one such type of survival analysis. It is a linear model for the log of the hazard ratio. By using this method, we can investigate the association between the ECE experience, and the indicator observation ages. Our records are essential “time to event.” An observation time was recorded when a label was observed on an ECE student. The empty cell in the dataset is considered as right censoring since it represents the corresponding skill that has not been observed until the student left the ECE program. We fit the Cox Proportional-Hazards Model to our dataset and plot the predicted survival curves for two cohorts on each domain.



6. Results


6.1. Results of exogenous analysis

Figure 1 is the violin plots of the observation ages on 36-month labels in five domains against the nominal 36-month. It is clear to see that the observation ages for most students are smaller than 36 months, while a few outliers exist for domains 2, 3, and 4.


[image: Figure 1]
FIGURE 1
 Violin plots of 36-month skills observation ages against NDDS age label.


Table 3 shows the p-value of the one-sided proportion test on all five domains. The p-values in all domains are much smaller than 0.05. Therefore, we are very confident to say the proportion of the population with ECE experiences who have mastered 36-month skills in each domain is larger than that in NDDS (75%). In other words, children with ECE experiences have a higher probability to master 36-month skills faster than the children in the general population.


TABLE 3 P-value of one-sided proportion test on five domains.
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6.2. Results of an endogenous analysis

Table 4 summarizes the average 36-month skills observation ages of two cohorts and their corresponding differences in five domains, and Figure 2 visualizes the result. It is very clear to see that the students in Cohort 1 mastered the 36-month skills earlier than that of Cohort 2 in all five domains. On average, Cohort 1 students were 4.82 months ahead of Cohort 2 students. Especially in Domain 1, the students in Cohort 1 achieved the goal almost 6 months earlier than the students in Cohort 2. This implies that the extra 10.11 months of ECE education could boost the students' development.


TABLE 4 The average observation ages (in the month) in each domain of two cohorts.
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FIGURE 2
 Radar chart for average observation ages of two cohorts.


Welch's t-test is shown in Table 5, and p-values in all five domains are far smaller than 0.05. Thus, there is strong evidence to reject the null hypothesis and be in favor of the alternative hypothesis. In other words, we are very confident to say the average 36-month skills observation ages of Cohort 1 are smaller than that of Cohort 2, i.e., the students who enrolled in the ECE program earlier mastered 36-month skills faster than those who enrolled in the ECE program later.


TABLE 5 One-sided Welch's t-test P-value.
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The p-value of Hoteling's T2-test is 1.11E-16, which is far smaller than 0.05 as well. Therefore, we have very strong evidence to say that after taking into consideration the correlation among the five domains, the population average observation ages on all five domains between the two cohorts are significantly different.

Our Cox Proportional-Hazards Model analysis yields more details on the difference between the two cohorts. Figure 3 visualizes the predicted survival proportion and the 95% confidence interval of the two cohorts. It shows that the probability that a Cohort 1 student will not show 36-month skills is lower than that of Cohort 2, which shows that the skill development for Cohort 1 is faster than Cohort 2. Figure 3 shows that the result not only applies at the instant 36 months but also at any time. It also shows quantitatively how much difference in probability is throughout the period. Furthermore, we can clearly see that the 95% confidence intervals do not overlap in general, which implies a very strong result, which we will show in Table 5. By carefully investigating the overlaps on the confidence interval, we can also see that the biggest difference between the two Cohorts is from Domain 1 (Social), while there are more overlaps in Domain 5 (Physical). This could be interpreted by the fact that Cohort 1 students have a more social life in general. It is interesting that the same pattern can be seen consistently in Tables 3–5 as well.


[image: Figure 3]
FIGURE 3
 The predicted survival curves with Cox Proportional-Hazards Model on five domains for two cohorts.


Table 6 shows the technical details of our Cox Proportional-Hazards Model analysis, while Figure 3 provides the visualization. In Table 6, the row “Partial log-likelihood” provides the log-likelihood values for five domains. The row “coef” shows the fitted coefficients from the Cox Proportional-Hazards regression model. Taking Domain 1 as an example, “coef” = −0.76 indicates there is a lower probability to observe events in Cohort 2 than in Cohort 1. The row “Hazard Ratio” shows the hazard ratio for Cohort 2 relative to Cohort 1. Taking the example of Domain 1, the “Hazard Ratio” = 0.47 means Cohort 2 has a lower hazard, or chance of observation. The row “se(coef)” represents the standard deviation of the fitted coefficient, from which the consequent rows “coef lower 95%, coef upper 95%, exp(coef) lower 95%, and exp(coef) upper 95%” are derived. The row “z-value” gives the Wald statistic value and tells whether the fitted coef is statistically significantly different from zero. The row “p-value” provides a measure of confidence in the fitted coefficient. Taking the example of Domain 1, the 95% confidence interval for hazard ratio, “(−1.10, −0.43),” does not contain zero, and the p-value is < 0.005, which represents strong confidence. “Concordance” is known as the c-index, which is a measurement of goodness-of-fit for this model. Fitted survival models typically have a concordance index between 0.55 and 0.75 (25). The higher score stands for better fitness. The concordance index in the result of Domain 1 is 0.61, which is between 0.55 and 0.75, and we get a good fit for all other domains as well.


TABLE 6 Summary of Cox Proportional-Hazards Model on all domains.
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7. Discussion/conclusion

From the violin plots visualization and proportion test results in the exogenous comparison, we can conclude that a child with ECE experiences performs better on 36-month skills in social, emotional, communication, cognition, and physical domains than a generic child as described by NDDS.

The result from endogenous comparisons shows that students who started the ECE program earlier mastered these 36-month skills faster than those who enrolled in ECE program later. This implies that a curriculum designer shall consider “program starting ages” when designing the learning content. Particularly, it is not always correct to assign students with similar ages similar learning materials if they started the program at different ages. The curriculum shall be highly adaptive as we see from the analysis that Cohort 2 is slower than Cohort 1 by 4.82 months on average, which is long enough to justify different curriculums for students of similar true ages but different starting ages.

Since the right censoring is included in the Cox Proportional-Hazards model and rates of centering are different among the five domains, we had concerns that the high rate of censoring may lower the accuracy and effectiveness of the analysis. Ying et al. (26) established that when the censored rate is as high as 84%, it severely influences the accuracy of results. However, the censored rates of our dataset are 16, 33.5, 44, 42, and 42% for Domains 1, 2, 3, 4, and 5 separately, which are much smaller than 84%. Hence, the results of survival curves in the five domains are reliable.

This study demonstrates the better performances in terms of 36-month skills of children with ECE experiences and the obvious improvement in skills development speed for children with earlier ECE enrollment. It is desirable to extend this conclusion to other skills in 12, 18, or 30 months. Therefore, to establish more generic results on a wider age range of skills, more data from longer observation periods on more students are needed in the future study. Furthermore, there are multiple factors that affect the performances of young children such as the quality of childcare centers and family education. Hence, more data and more analysis on more factors shall help describe the full picture of ECE education efficacy.
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Domain1 Domain Domain4 Domain5 Average of five domains  Average start age
Cohort 1 25.19 2076 23.67 21.67 27.16 23.69 12.88
Cohort 2 31.14 25.49 28.64 26.61 30.68 28.51 22.99
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101 2016-12-16 20.60 2550 2345 2550 2448

102 2017-01-14 15.90 18.50 18.70 19.50 2134 23.80
103 2016-03-13 12.20 35.60 36.10 36.10
106 2016-06-07 2130 28.63 2528 31.80
108 2015-03-03 19.50 4140 41.90 41.90
109 2017-07-23 1820 2155 2174 2420 2291 2470
110 2015-03-06 11.80 36.18 43.80 3685
111 2016-07-16 2050 32.80 26.98 20.80 2775 33.68
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