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The COVID-19 pandemic has led to tremendous disruptions in people’s everyday activities, including the pursuit of education. Internet search data may provide insights into potential audiences’ interest in online education. Using Internet search data, we examined the impact of COVID-19 on people’s interest in supplementary online education in the US over nine months (10/14/2019–07/19/2020). We found there was increased interest in supplementary online education after WHO announced COVID-19 as a pandemic, with a greater increase among females than males. We found that the increased interest in online education persisted after the stay-at-home orders were lifted; in addition, we identified concerns over unemployment as a key variable that significantly explained the variance in the interest in online education, even after controlling for COVID cases and deaths. Policymakers and online education platforms may take advantage of people’s, especially women’s increased interest in online education when designing policies or marketing mix.
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1. Introduction

In 2020, the outbreak of the COVID-19 pandemic disrupted social and economic life around the world. The World Health Organization (WHO) declared COVID-19 a global pandemic on March 11, 2020, and the Centers for Disease Control and Prevention (CDC) recommended social distancing in March (Ghebreyesus, 2020). In March and April 2020, most states in the US issued stay-at-home orders in response to the pandemic (Lee, 2020), most of which were enforced till early June (USA Today, 2021). The COVID-19 pandemic, as a highly contagious disease, has significantly changed education. The need for social distancing posed a barrier for education that involved face-to-face instructions and physical contact. Meanwhile, unemployment rates kept rising and reached a record high (Long and Van Dam, 2020), potentially led to more demands for education in order to succeed on the job market. Thus, the pandemic may provide an opportunity for supplementary online education, i.e., online education for professional development that can be pursued voluntarily by individuals of different ages and backgrounds. In addition, women had been hurt disproportionally by the economic situation during the pandemic (Connley, 2020a) and the unemployment rate was higher among women (United Nations, 2020). Since education provides an opportunity to lower the risk of unemployment (Gray et al., 2012), women may seek education for professional development in times when they are disproportionally threatened by unemployment. Thus, it is crucial to investigate the interest in supplementary online education during the pandemic, and the gender heterogeneity.

In this article, we focused on people’s interest in online education for supplementary learning opportunities (i.e., not school classes), as well as the related gender heterogeneity. We used online search volume to track and measure the interest among potential audiences, which complements existing approaches that study online education (see the Literature Review Section).

We obtained weekly search intensity of online-education-related queries between October 14, 2019 and July 19, 2020.1 WHO declared COVID-19 a pandemic on March 11, 2020, and hence our data covered the time periods before and after the outbreak of the pandemic. Further, we obtained search queries related to unemployment concerns, and compared the search intensity of online education with that of unemployment.

With this method, we documented a dramatic increase (52.7%) in searches of online education after the outbreak. Females demonstrated a greater increase in searches of online education compared to males (127.3% more than males). The above effects persisted after the stay-at-home orders were lifted. Combining the search intensity of unemployment concerns and search intensity of online education, and utilizing a difference-in-differences (DID) analysis, we provided suggestive evidence on a mechanism: COVID-19 increased concerns over employment, which may in turn result in greater interest in online education, especially among females.

The findings have multiple implications for industry practitioners. First, we establish online search volume as a metric to measure interest among potential consumers of online education. Compared with previous studies that examined students who had already participated in online education, this metric captures the future potential and serves as a quick capture of population-level interest in online education. The method – using online search to track interest in online education – also complements previous research methods. Compared with case studies, our method provides overall estimations without focusing too much on a specific platform or class category (e.g., STEM). Compared with survey or interview, this method avoids recall bias or social concerns (see the literature review section for details.) Second, the research on gender heterogeneity may assist platforms in assessing the potential growth in the female segment during COVID-19 and constructing courses to accommodate the segment’s varied needs. Third, the relationship between gender and unemployment concerns also provides unique implications on why COVID-19 leads to differential interest in online education and how industry practitioners could leverage the public crisis to grow.2

In the rest of the paper, we provide literature review, introduce our data and analysis, present model results, and discuss the implications, originality, and future research.



2. Literature review


2.1. Growth in online education during the pandemic

The COVID-19 pandemic has created significant challenges for education globally. “94% of learners worldwide were affected by the pandemic” (Ulukol, 2022). At the international level, educational providers moved education online (Crawford et al., 2020), which was further confirmed by studies in various countries such as Romania (Boca, 2021; Butnaru et al., 2021), Turkey (Cinar et al., 2021; Dindar et al., 2022), India (Chakraborty et al., 2021), Bulgaria (Ivanova, 2021), China (Feng et al., 2021; Liang et al., 2022), Saudi Arabia (AlMatham et al., 2022), Korea (Herr et al., 2021), Uganda (Damani et al., 2022) and Russia (Sushko and Pronchev, 2021). In general, online education has gained popularity during COVID-19 (Radha et al., 2020).

Supplementary online education (SOE) experienced great growth right after the breakout of COVID-19 (e.g., Shah, 2020; Impey and Formanek, 2021; Choudhuri and Dilip Kumar, 2022). For example, industry reports showed that Coursera experienced a 640% increase in enrollment from mid-March to mid-April in 2020 compared to the same period in 2019 after it decided to make all courses free through May 2020 (Shah, 2020); Udemy’s enrollment increased by 400% in February and March (Shah, 2020). Using a multiple case study approach, Impey and Formanek, 2021 found enrollment surged in three massive open online astronomy classes within 100 days after the breakout of COVID-19. Many supplementary education platforms responded to the pandemic by reducing or waiving fees on thousands of offerings (McCluskey, 2020), which in part drove the enrollment surges on these platforms.

However, the documented surges of online education were typically based on enrollment or revenue metrics, which were heavily affected by (1) the heavy price promotions run by online education platforms during COVID-19 and (2) the stay-at-home (i.e., lockdown) orders. Thus, the growth metrics in previous studies (e.g., enrollment and revenue) cannot isolate the interest in online education from external factors (e.g., price promotions, lockdown orders). Instead, our study examined consumer interest in online education, measured by online search volume; it offered a metric to evaluate the growth of the potential consumer base, rather than the observed enrollment. Thus, our approach complements existing methods with a focus on the interest among potential (rather than existing) consumers.



2.2. Gender, online education, and employment status

Ng (2019) called for more research to address diverse online learners’ needs. Past research on gender diversity in online education has mainly focused on (1) learning and interaction styles and (2) course completion, with case studies, surveys or interviews. Women employed more self-regulated learning strategies (Li, 2019; Liu et al., 2021), and posted more comments in the discussion forum (Caspi et al., 2008; Shi et al., 2020). Using a case study, Christensen et al. (2013) found that women were less likely to take massive open online courses (MOOCs). Based on the data from over 67,000 learners in 20 MOOCs, Kizilcec and Halawa (2015) concluded that women (vs. men) were less likely to persist in courses. Women were also shown to be more likely to withdraw because of the conflicts between their caregiving responsibilities and student roles (McGivney, 2004; Müller, 2008; Littenberg-Tobias and Reich, 2020). Even for women who completed MOOCs, Veletsianos et al. (2021) reported that they were more inconsistent in their learning time. In contrast, a few studies did not support the association between gender and online course completion (e.g., Morris et al., 2015; Shrader et al., 2016; Jiang et al., 2018). These inconclusive findings typically focused on a specific course or a few courses in one platform, which did not take an overall perspective. Also, they focused on students who had enrolled in the online platform. These studies were not on the interest in online education among potential audiences, we fill this gap using Internet search data.

Past research also showed unemployment was significantly associated with learners’ persistence and content coverage in MOOCs, with unemployed learners completing more content (Cisel, 2014; Morris et al., 2015). Cisel (2014) also found that unemployed learners set a higher learning target and covered more content than students. Since people go back to school during times of high unemployment (Kahn, 2010) and one of the reasons people take SOE is to prepare for their future careers (Liu et al., 2015), unemployment may motivate people to pursue education. During the pandemic, SOE was used extensively to supplement university education (e.g., Jiang et al., 2022), to train postgraduates and teachers (e.g., Bulvinska and Kapralova, 2022; Ponnaiah et al., 2022), to teach various topics such as English (e.g., Wang, 2022) and technology (e.g., Saikat et al., 2022), or even used as an alternative for internship (e.g., Singh and Sharma, 2021), and thus may be an effective tool to prepare people for the future job market.

Despite the insights on the gender differences in course completion and learning styles and the relationship between unemployment and learners’ motivation, little has been done to jointly examine the interplay between COVID-19, gender, and unemployment. However, women had been hurt disproportionally by the economic situation during the pandemic (Connley, 2020a) and the unemployment rate was higher among women (Carli, 2020; United Nations, 2020; Connley, 2020a). This disproportional impact still held when states started to reopen in June 2020, with women’s unemployment rate 1.3 times higher than the unemployment rate women faced during the Great Recession (Connley, 2020b); it was claimed that COVID-19 had created the first American’s female recession (Carrazana, 2020). Education, as a way to empower oneself to be more competitive in future job market, may be in a greater demand during the pandemic, especially among women.

Our study fills multiple gaps and complements existing studies. First, instead of learning styles or completion rates, we investigated gender differences in the interest in online education. Second, we investigated how the gender difference in unemployment rates during COVID-19 may explain females’ greater increase in the interest in online education.



2.3. Research methods for online education

Most previous research on online education relied on surveys, interviews, or case studies. Although subjective measures are better suited to understand the underlying psychology, these measures may also be subject to recall bias or social concerns (Thompson and Phua, 2005, Kim et al., 2018). Survey participants may be unwilling to disclose their real attitude due to legal or social concerns (Thompson and Phua, 2005, Kim et al., 2018); for instance, when asked about interest in getting educated, people may state that they were interested even if they were not. Case studies may involve only a few courses in one platform (e.g., Impey and Formanek, 2021) and may not cover the overall interest in online education across the society.

To complement the above methods, we used search queries from a large search engine3 as a measure of males’ and females’ interest in online education. Online data has been increasingly used as a measure of human behavior in multiple domains. For example, Twitter users’ sentiments have been used to identify the challenges of remote work (Saura et al., 2022); mobile data has been used to track COVID-19 infection (for a review, see Ribeiro-Navarrete et al., 2021). Specific to the use of search data, Bento et al. (2020) used search volume of “coronavirus”-related terms to examine the public’s information-seeking responses to news of local COVID-19 cases. Marketing studies have used the search volume of a product to measure consumers’ purchase interest (Kim and Hanssens, 2017; Wang et al., 2019). Finance studies have used the search volume of a firm’s stock symbol to measure investors’ interest in the stock (Da et al., 2011; deHaan et al., 2015). As far as we know, we are the first to use search volume as a metric to measure people’s interest in online education. The method circumvents the recall or social concern biases of surveys, interviews or case studies. In addition, previous studies on online education focused on students who had enrolled in education platforms, which were only a fraction of all potential students with probable selection bias; whereas our metric can provide insights into the whole potential consumer base of online education.




3. Data and analysis


3.1. Data

We collaborated with a large search engine company headquartered in the US and used searches of online-education-related queries as an approximation of people’s interest in online education. Prior research indicated that web search volume can be a good proxy for the level of interest in a subject (Wang et al., 2019; Bento et al., 2020). We obtained weekly (using Monday as the start of a week) data of online education search intensity between October 14, 2019 and July 19, 2020.

To start, we first obtained a dictionary of keywords related to online education from a variety of resources, including names of top online learning websites/platforms,4 popular online courses,5 and common terms related to online education and learning.6 We excluded terms related to kid education (specifically, “kid,” “kids,” “child,” “children,” “k12,” “k-12,” “pre-k,” and “pre-k”) to avoid the issue that people may search for online education for their kids rather than for themselves. We collected searches of queries that contain keywords in the dictionary, and thus obtained the search volume of the queries related to online education.

To investigate the heterogeneous effect of different demographic groups, we divided the data into two gender groups (males and females) and five age groups (24 yr or below, 25 to 34 yr, 35 to 49 yr, 50 to 64 yr, and 65 yr. or above), and hence [image: image] demographic groups in total. We obtained the weekly search volume of queries related to online education for each of the 10 demographic groups.7

Finally, for each demographic group defined by gender and age, we calculated search intensity of online education as the share of the search queries of online education out of all searches during the week. The search intensity data was further scaled so that the largest number was 100. The calculation is the industry standard and is similar to Google Trend (Jun et al., 2018). See Web Appendix A, Table A1 for summary statistics.



3.2. Model-free analyses

We present model-free analyses in Figures 1A,B, which depict the overall weekly search intensity of online education in 2019 and 2020, and the metrics for males and females separately.

[image: Figure 1]

FIGURE 1
 (A) and (B) depict model-free results: weekly search intensity of online education in 2020 (solid line) and 2019 (dashed line). (A) depicts the search intensity of online education in 2020 (solid line) and 2019 (dashed line). (B) depicts the search broken down by gender (with males represented by blue round dots, and females represented by red triangle dots). (C) and (D) depict DID model results. (C) depicts the estimated [image: image], the coefficient of each week indicator as in Model (1). It shows that there was a significant increase in searches of online education after the week of March 11, 2020. (D) depicts the estimated [image: image], the coefficient of the interaction of week indicator and female indicator as in Model (3). It shows that females demonstrated greater increases in searches of online education than males after the week of March 11, 2020. The vertical red line indicates the date of March 11, 2020. The grey bars represent the 95% confidence intervals. Figures (A) and (B) include data from both Oct 2018 – July 2019 and Oct 2019 – July 2020, and, thus, we do not include the year in the dates under the x-axis.





4. Empirical analyses and results


4.1. Impact of COVID-19 on interest in online education

To investigate how people’s interest in online education changed during the pandemic, we controlled for people’s age and gender and estimated search intensity of online education for each week in Model (1):

[image: image]

[image: image] is the search intensity in week t among users of age group i and gender j. The dependent variable (DV) [image: image] is the search intensity (i.e., the proportions of the search volume of online-education-related queries out of all searches).8

The age group index i takes five values (0 to 4) corresponding to the five age groups as described in the Data section, with the age group 24 years old or below as the baseline. The gender index j takes values 0 (males) and 1 (females); we used males as the baseline and define the dummy variable [image: image] if [image: image]. Hence, we controlled for gender and age group fixwed effects with the terms [image: image] and [image: image].

[image: image] is the week indicator, where k indexes each week. The WHO declared COVID-19 as a pandemic on March 11, 2020. Because March 11 was a Wednesday, we used the week of March 2–8, 2020 (the week before WHO declared COVID-19 as a pandemic) as the baseline. Hence, the coefficient [image: image] captures search intensity of online education relative to the baseline week. We plotted the estimated [image: image] and the corresponding confidence intervals in Figure 1C, which shows significantly higher search intensity of online education as the pandemic progresses.

To demonstrate the magnitude of the increase in search intensity of online education, we further estimated a model with a binary variable [image: image] to replace the week indicators, as in Model (2):

[image: image]

[image: image] is a binary variable which equals 0 for the weeks in the pre-pandemic period (before March 11, 2020) and 1 otherwise (the week of March 11, 2020 or after). Hence its coefficient, [image: image], captures the change in search intensity of online education after the outbreak of COVID-19 compared to the pre-pandemic period. Column (1) of Table 1 shows results of Model (2). Comparing the coefficient [image: image]in Model (2) with the pre-pandemic average search intensity of online education (i.e., on or before March 08, 2020), we found that search intensity of online education increased by 52.7% (95% CI, 47.7 to 57.7%) after the outbreak.9



TABLE 1 The effect of COVID-19 on search intensity and the gender heterogeneous effect.
[image: Table1]



4.2. Gender heterogeneous effect

We then examined the differential effect among females and males. We incorporated the interaction of week indicators and female indicator in Model (1), again with the week of March 2–8, 2020 (the week before WHO declared COVID-19 as a pandemic) as the baseline, as in Model (3).

[image: image]

The coefficient [image: image] captures whether there was a greater increase in search intensity of online education among females than males with the progress of the pandemic. We plotted the estimated [image: image] and the corresponding confidence intervals in Figure 1D, which shows that females had significantly more increased searches of online education than males during the pandemic.

Again, to demonstrate the magnitude of gender heterogeneity, we further estimated a model with a binary variable [image: image] to indicate the time period after WHO’s announcement of pandemic and used the variable to replace the week indicators, as in Model (4).

[image: image]

The coefficient [image: image] captures whether there was a greater increase in search intensity of online education among females than males after the outbreak of the pandemic. Column (2) of Table 1 shows the results. The coefficient [image: image] is positive and significant, which shows that the increased searches of online education among females were significantly higher compared to males during the pandemic. Since we used males as the baseline, the coefficient [image: image] captures the increased searches among males during the pandemic. Calculating the ratio of [image: image] and [image: image], we found that compared to males, the increased search intensity was 127.3% (95% CI, 85.7 to 187.2%) higher among females during the pandemic.

We conducted additional analyses. We ruled out the seasonality effect by conducting similar analyses using data of the previous year (October 2018–July 2019). See Web Appendix B, Table B1, Columns (1) and (2) respectively. We also used US COVID-19 cases and deaths data from CDC as predictors (details in Web Appendix C) and demonstrated that searches of online education and the related gender heterogeneity were related to the severity of COVID-19, as reported in Columns (3) and (4) of Table 1. We further examined the gender heterogeneity among each age group separately and found statistically significant gender heterogeneity in every age group below 64 years old (details in Web Appendix E). In Web Appendix D, we presented an analysis in which we split the time after WHO declaring pandemic into a lockdown phase (March 9–May 31, 2020) when stay-at-home orders were implemented in most US states, and a “new normal” phase (on or after June 1st, 2020) when most lockdown orders were lifted. The results indicated that the increased interest in online education persisted after the stay-at-home orders were lifted.




5. Potential mechanism: concerns over unemployment

A potential explanation of the increased interest in online education and the higher increase among females may be the increased concerns over unemployment during the pandemic, especially among women. The pandemic led to outrageously high unemployment rate and women had been hurt disproportionally (Carli, 2020; United Nations, 2020; Connley, 2020a). It was claimed that COVID-19 had created the first American’s female recession (Carrazana, 2020). Education, as a way to empower oneself to be more competitive in future job market, may be in a greater demand during the pandemic, especially among women, who had been hurt disproportionally.

To examine concerns over unemployment, we obtained the search intensity of unemployment-related terms. Similar to search intensity of online education, search intensity of unemployment-related terms was calculated as the ratio of the search volume of queries related to unemployment (e.g., “unemployment” and “layoff”) and the whole search volume, and was further scaled so that the largest number is 100. We plotted the model-free trends of search intensity of unemployment-related terms in Figure 2. Figure 2A depicts search intensity of unemployment-related terms in general, and Figure 2B depicts search intensities of unemployment-related terms from males and females. Comparing Figures 1, 2, we found the trends of search intensity of unemployment-related terms coincided with those of search intensity of online education.10

[image: Figure 2]

FIGURE 2
 (A) and (B) depict model-free results: weekly search intensity of unemployment-related terms in 2020 (solid line) and 2019 (dashed line). (A) depicts the search intensity of unemployment-related terms in 2020 (solid line) and 2019 (dashed line). (B) further depicts the search broken down by gender (with males represented by blue round dots, and females represented by red triangle dots). (C) and (D) depict DID model results: (C) depicts the estimated [image: image], the coefficient of the week indicator in Model (1) with search intensity of unemployment-related terms as DV. It shows that there was a significant increase in searches of unemployment-related terms after the week of March 11, 2020. (D) depicts the estimated [image: image], the coefficient of the interaction of the week indicator and female indicator as in Model (3). It shows females demonstrated greater increases in searches of unemployment-related terms than males after the week of March 11, 2020. The vertical red line indicates the date of March 11, 2020. The grey bars represent the 95% confidence intervals. Figures (A) and (B) include data from both Oct 2018 – July 2019 and Oct 2019 – July 2020, and, thus, we do not include the year in the dates under the x-axis.



5.1. Impact of COVID-19 on concerns over unemployment

We then estimated Models (1) and (3) with search intensity of unemployment-related terms as DV. We plotted the fitted [image: image]of Model (1) (which represent the weekly search intensity of unemployment-related terms after controlling for age and gender) and [image: image] of Model (3) (which represent the differential effect among females and males) in Figures 2C, D respectively. The results suggest that there were increased searches of unemployment-related terms after the outbreak of pandemic, and there were greater increases among females than males.

To demonstrate the magnitude of the effect, we again used the binary [image: image] indicator to replace the week indicators, estimated Models (2) and (4) with search intensity of unemployment-related terms as DV, and presented the results in Columns (5) and (6) of Table 1. The pattern for searches of unemployment was similar to what we have observed for searches of online education: search intensity of unemployment-related terms increased significantly during the pandemic, and the increased search intensity was significantly higher among females than males. We also estimated models with search intensity of unemployment-related terms as DV and COVID-19 cases and deaths as predictors (details in Web Appendix C). We reported the results in Columns (7) and (8) of Table 1, which show that as COVID-19 cases and deaths increased, search intensity of unemployment-related terms also increased, and the increased search intensity was greater among females than males. These estimates were similar to the results of searches of online education in Table 1, which suggested unemployment concerns may potentially underlie greater searches of online education.



5.2. Testing the potential mechanism

Next, we employed the same method as in Han et al. (2022) to demonstrate the relationship between concerns over unemployment and interest in online education using a difference-in differences (DID) analysis. We referred to the period October 2019 to July 2020 as the current year and October 2018 to July 2019 the previous year. First, we matched the data from the current year with data from the previous year. We used the current year as the treatment group and the previous year as the control group, and then used a DID model to obtain the causal effect of COVID-19 on concerns over unemployment and interest in online education separately, as in Model (5).

[image: image]

where [image: image] is a binary indicator that equals 1 for the current year (October 2019 to July 2020) and 0 for the previous year (October 2018 to July 2019), and [image: image] is again the binary indicator that equals 1 if a week is in the season of pandemic, that is, between the week of March 11 and July 19 in 2019 or 2020. Thus, the coefficient [image: image] captures the causal effect of COVID-19 on concerns over unemployment (using search intensity of unemployment-related terms as the DV [image: image]) and interest in online education (using search intensity of online education as the DV [image: image]). Both coefficients are positive and significant (concerns over unemployment: [image: image]21.75, p < 0.01; interest in online education: [image: image]14.80, p < 0.01).

To further test the potential mechanism of concerns over unemployment, we need to empirically establish a correlation between the concerns over unemployment and the interest in online education. For example, if we observe that for every week that concerns over unemployment increased, the interest in online education also increased, then it would suggest changes in concerns over unemployment may underlie changes in the interest in online education. We explored this potential mechanism by examining the variation of these two variables in our data across time. Specifically, we estimated the impact of COVID-19 on concerns over unemployment and interest in online education in each of the 19 weeks after the outbreak with DID models. Next, we regressed the by-week DID estimates for interest in online education on the by-week DID estimates for concerns over unemployment. We presented the results in Column (1) of Table F1 in Web Appendix F. The coefficient is positive and significant, suggesting that the two variables change in the same direction. The R-square is 0.469, which indicates that a substantial proportion of the variations of interest in online education can be explained by concerns over unemployment.

One alternative explanation for such a correlation is that the severity of the pandemic varies in different weeks. To rule out this explanation, we included the US COVID-19 new cases and deaths (per 100,000 people) in each week in the regression, and reported the results in Column (2) of Table F1 in Web Appendix F. Again, the DID estimates of concerns over unemployment are positive and significant after controlling for COVID cases and deaths. Notably, the coefficients of the COVID-19 new cases and deaths are not significant, suggesting that COVID severity no longer significantly affected the interest in online education after controlling for the DID estimates of concerns over unemployment. The result further supported our conjectured mechanism and suggested that the increase in concerns over unemployment was likely to drive the increased interest in online education.




6. Discussion and conclusion


6.1. General discussion

We show that Internet search data can be a useful tool to track and measure the interest among potential customers of online education. Using Internet search data, we provided empirical evidence that interest in online education increased dramatically after the outbreak of the COVID-19 pandemic and females (vs. males) demonstrated a greater increase in the interest in online education. We also found that the effect may be explained by unemployment concerns. While the study is in the context of COVID-19, the Internet search metric can be readily applied to future studies (see Section 6.4).



6.2. Theoretical implications

Ng (2019) called for more research to address diverse online learners’ needs. While previous research has mainly focused on gender differences in (1) learning and interaction styles and (2) course completion of already-enrolled students, we focused on interest in online education as a growth potential for the supplementary online education, especially how COVID-19 triggered the differential demand between females and males. While much previous research found females (vs. males) were less likely to enroll in (Christensen et al., 2013) or complete online courses (McGivney, 2004; Müller, 2008; Kizilcec and Halawa, 2015; Littenberg-Tobias and Reich, 2020), we found when faced with a greater unemployment during COVID-19, females (vs. males) were more interested in pursuing supplementary online education, and females’ increased interest persisted after lockdown orders were lifted. Our research, together with previous research, suggested that different factors drive females’ completion versus interest in supplementary online education. We also provided insights into the mechanism. We found that females’ increased interest in education can be explained by their greater unemployment concerns. Although past research examined the role of gender and unemployment in online education separately, we are among the first to link the two heterogeneities. Finally, with regard to methodology, past research relied on case studies or surveys to derive insights from only a few courses in one or more platforms (e.g., Impey and Formanek, 2021). This partly explains the inconclusive findings in online education, because the approach is highly sensitive to the specific course disciplines and platforms selected. Our method of using search volume data complements past research using case study and survey approaches, and allows us to take an overall view.



6.3. Managerial and practical implications

Our findings suggested that the pandemic may be a catalyst for online education. As online education becomes an increasingly important supplement to mainstream school education, online education platforms may take advantage of people’s, especially women’s increased interest in online education during the pandemic. For example, online education firms may design marketing mix to target female consumers. We also recommend governments and social workers to investigate the need for online education, especially among females, when there is a public health crisis.



6.4. Limitations and future research

There are several limitations that call for future research. First, like most of the previous literature on gender differences, we only obtained data on two genders, and the genders were inferred by the collaborating company based on the users’ online behaviors, rather than categories that users identify with. To further study the interest in online education from a gender perspective, it is necessary to obtain more detailed gender information, such as non-binary and self-identified genders.

Second, our data was correlational, and thus did not allow us to examine the causal relationship between unemployment concerns and the need for online education. More detailed Internet search data are needed to further pin down the mechanisms. Future research may use individual-level online search data or vary unemployment concerns to examine the causal relationship between the two variables.

Third, online search data can be readily applied from a global point of view, as online search is prevalent in most countries. Our search data came from the US population, and thus provided US residents’ interest in online education and related gender differences. We conjecture the specific factors that drive people, especially females, to online education (i.e., unemployment) may be similar across countries. The proposed metric and method based on Internet search data can be readily applied to other countries, and we encourage future research to compile data from various countries to derive more comprehensive insights globally.
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Footnotes

1   In this study, we used weekly search volume of keywords related to online education to represent people’s interest, using Monday as the start of a week. Also, we intended to obtain 4 months’ data after March 11, 2020 (i.e., after WHO declared COVID-19 a global pandemic). Thus, we used July 19, 2020, which was approximately 4 months after March 11, 2020, as the end date of the data. It was also the longest data period we could get from the collaborating company.

2   Our gender data are limited to two genders (male and female); also, a user’s gender is inferred from the user’s online behaviors by the collaborating company rather than a category that the user self-identifies with. See details in Section 3 and more discussions on these limitations in Section 6.

3   The identity of the search engine is kept anonymous as specified in the pre-agreement with the search engine.

4   https://www.bestcollegereviews.org/50-top-online-learning-sites/ and https://www.learnworlds.com/online-learning-platforms/

5   https://coursemethod.com/popular-online-courses.html

6   https://www.uni-prep.com/online-education/understanding-online-learning-terms/

7   The collaborating company collected user behaviors on its webpages and inferred the users’ genders and ages based on users’ behavioral data. It is a common practice in the industry, as described in, for example, Bi et al. (2013) and Hu et al. (2007).

8   Hence, the DV is an estimated proportion with sampling variance. Therefore, when estimating the model, we weigh the observations by the inverse of the standard errors associated with each observed DV, as in Saxonhouse (1976) and Hornstein (2013). The weighting applies to Models (1) to (6) in this paper.

9   From Table 1 column (1), we found that the increase in search intensity of online education was 14.28. Before the pandemic, the average search intensity of online education was 27.11. Dividing 14.28 by 27.11, we obtained the percentage increase 52.7%. For the confidence interval, using the standard error of the estimated coefficient, which was 0.69, we obtained the 95% CI of the increase in search intensity of online education to be (14.28–1.960.69, 14.28 + 1.960.69), that is, (12.93, 15.63). Dividing the lower and upper bounds by 27.11, we obtained the CI of the percentage change to be (47.7, 57.7%).

10   Comparing Figures 1, 2, the COVID-19’s impact on the search intensity of online education looked more persistent compared to its impact on the search intensity of unemployment-related terms. We conjecture that this is because, while employment is to address an immediate need, online education is for a long-term need for the future. Thus, the interest in online education may be more persistent. However, we do not have data on people’s perception of employment or online education, and hence, we leave this to future research.
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estimated standard errors (the numbers inside the parentheses). Column (1) presents the results of Model (2), which shows statistically significant increase i search intensity of online
education after the pandemic breakout. Column (2) presents the results of Model (4), which shows the increase in search intensity of online education was significantly higher among females,
compared to males. Column (3) presents the results of the robustness check in Model (C1), which suggests that searches of online education increased with the COVID-19 cases and deaths.
Column (4) presents the results of the robustness check in Model (C2), which suggests that compared to males, the numbers of COVID-19 cases and deaths were associated with more searches
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