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Despite the popularity of the employment interview in the employee selection literature and organizational talent selection process, few have examined the comments interviewers give after each interview. This study investigated the predictability of the match between interviewer post-interview notes and radar charts from job analysis on the candidate’s later career performance using text mining techniques and data from one of the largest internet-based technology companies in China. A large sample of 7,650 interview candidates who passed the interviews and joined the company was obtained to show that the number of job-related capabilities interviewers mentioned in their notes was positively related to candidate’s job performance, the number of promotions, and negatively related to turnover. Moreover, the dimensions of the radar chart from job analysis covered in the interview moderated the predictability of interview post-interview notes. Our results indicated that a smaller number of radar chart dimensions by which interviewers assessed the candidates in the interview positively moderated candidates’ promotion for product development jobs, and negatively moderated turnover for technical jobs. The implications of these results for structured interview research in both theory and practice are discussed.
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INTRODUCTION

The employment interview is a proven and popular selection method that has drawn continuous attention from researchers for more than 100 years (Macan, 2009). It is often used to assess the fit of the candidate to the employer and is shown to have high predictive validity for job performance (Huffcutt et al., 2001). One of the most consistent findings of selection interviews is that structured interviews are more reliable and valid than unstructured interviews (Levashina et al., 2014). Extant literature focuses on the factors that influence interviewers’ adoption of interview structure and the structured interview process itself, trying to give better guidance in terms of how to increase its adoption and the boundary of when to use it. For example, Chapman and Zweig (2005) find that interviewer training, interview focus, interviewer reactions to interview structure, and applicant reaction to interview structure lead to different levels of interview structure and how interviewees react to them. Campion et al. (1997) identified 15 components of the interview structure and divided them into two categories: what to ask and how to evaluate. The reliability, validity, and user reactions of these components were assessed. Huffcutt and Arthur (1994) proposed a framework that defined interview structure with similar categories: standardized interview questions, and standardized response evaluation. Their framework divided interview structure into four levels, with level 1 being structure with no formal constraints to level 4 being asking the same questions with no modifications allowed. Particularly, level 2 was defined as “limited constraints, typically standardization of the topical areas to be covered.” However, interview structure is still often utilized dichotomously in many studies, mostly comparing high interview structure with no structure. Despite this framework, few studies tried to explore the level 2 interview structure on the outcome of a candidate’s job performance.

Among the many components of interview structure, job analysis is utilized most frequently in interview structure research for interview questions content dimension (Levashina et al., 2014). Job analysis serves as a foundation of selection in human resources and one of the two main goals of job analysis is to find out what kind of worker fits best to certain jobs (Sanchez and Levine, 2012). For the job analysis component, finding accurate job requirements is the key to develop relevant interview questions to assess a candidate’s capabilities. Collecting critical job incidents with job experts, such as managers and interviewers, is the most common method (Morgeson et al., 2016). However, the development of job-related structured interview questions in previous research is often carried out by researchers, not professionals in the field (Campion et al., 1997), therefore not reflecting the full picture of this process in real situations.

On the other hand, interview structure can be grouped by how note-taking is required in the interview process, such as whether notes are taken during or after the interview or what to write in the notes. Campion et al. (1997) suggest that taking notes during the interview is considered a higher structure level than after the interview. On the other hand, taking notes in great detail during the interview is considered the highest level, while note-taking without specific instructions about when and how to write notes being the less constrained structure. Although studies have shown that taking notes during or after an interview helps interviewers organize their thoughts, thus making better judgments about the candidate, few have tried to explore the content of these notes and how it relates to the candidate’s job performance.

Apart from the interview structure, the Person-Job (PJ) fit theory suggests that finding the match between the job candidate’s attributes and the job requirements is the cornerstone of a successful selection (Barrick and Parks-Leduc, 2019). Hu et al. (2016) show that supervisors’ Person-Organization fit perceptions are positively related to new hires’ performance for executives in a Fortune 500 company. How the fit between the candidate and the job predicts a candidate’s future job performance remains an unanswered question (Posthuma et al., 2002). Interview validity is shown to increase if questions asked during a structured interview are job-related (Wiesner and Cronshaw, 1988) because it can better assess if the candidate fits the job requirements. However, only indirect effects have been found between job analysis and interview validity (Conway et al., 1995). Extant research mostly uses cognitive test results as the dependent variable to show the validity of using job analysis in structured interviews (Thorsteinson, 2018). These cognitive performance scores are then linked to the candidate’s job performance. However, whether using job analysis as an interview component directly affects interview validity requires further exploration.

This paper aims to investigate the direct effect of interviewer notes on interview validity, while focusing on the role of job analysis as an interview structure component. The notes we use in our study are the narrative comments interviewers write after each interview about what they think of the candidate for later reference as required by the company. What interviewers say about the candidate reflects the questions interviewers asked or cared the most about during the interview because the comments consist of the evaluation of the answers candidate provided during the interview. This is shown by the appearance of job-related keywords in their notes. For example, if an interviewer wants to know whether the candidate has good leadership skills, he/she may ask the candidate through direct or indirect questions, such as “how do you lead a team” or “tell me an event you organized.” The interviewer would write down how he/she thought about the candidate’s performance in the note with the keyword leadership skills. Examining these keywords allows us to get insights about what the interviewer what to know during that interview. Specifically, we examine: (1) whether the match between the interviewer’s post-interview note about the candidate’s interview performance and the job requirements of the position will predict the candidate’s job performance, promotion, and turnover and (2) how interviewers could utilize the radar chart from job-analysis to better assess interviewees for different types of jobs.

Our study extends the interview literature in three ways. First, we draw from interviewers’ narrative comments in their post-interview notes in actual scenarios to reflect the questions interviewers go through during the interview, which shows the direct effect of interview notes on interview validity. Moreover, while PJ fit is shown to predict higher job satisfaction, better job performance, and lower turnover rate (Kristof-Brown et al., 2005), our study also includes candidates’ number of promotions, making it a well-rounded measurement of fit and interview validity.

Second, the practices the company used in our study required interviewers to assess the candidate using their way of question-asking and evaluation without following a strict structure. The questions interviewers asked during an interview were either self-reported or pre-determined in previous studies, which might not reveal the situation in an actual interview. Our study puts less emphasis on the structure of interviews in favor of what interviewers know about the candidate’s job-related capabilities by examing the content of interviewer narrative comments in post-interview notes with the radar chart from job analysis rather than what structure interviewers follow during the interview. This is similar to the level 2 of interview structure proposed by Huffcutt and Arthur (1994) such that radar charts serve only as a framework for interview questions without providing exact questions to be asked. With the results of this study, interviewers and practitioners could use the scores and attributes of the job analysis result in interviews as a reference for their questions without sticking to pre-determined questions to evaluate candidates. This approach extends structured interview research by showing how level 2 of both dimensions proposed by Huffcutt and Arthur (1994, p. 186), “characterized by limited constraints, typical standardization of the topical areas to be covered,” affects interview validity.

Third, despite the emergence of the big data movement in other management contexts (Kobayashi et al., 2018), studies on employment interviews have mostly maintained the use of traditional datasets and methods. Besides, many studies on interview validity use mock interviews or experiments to test their hypotheses, which have been shown to have lower validity than real job interviews (Posthuma et al., 2002). Our study uses text analysis and natural language processing methods with data generated in real practices to explore the content of what interviewers say after the interview, which extends the use of text mining in explanatory research/hypotheses testing in employment interview literature (Kobayashi et al., 2018).



CONCEPTUAL BACKGROUND AND HYPOTHESES DEVELOPMENT


The Match Between Interviewers’ Narrative Comments and Radar Charts Dimensions on the Interview’s Predictive Validity

Whether interviews can predict a candidate’s job performance has long been of interest to researchers and professionals. Huffcutt et al. (2001) find from multiple meta-analyses that interview is a valid selection method for candidates’ job performance prediction. One of the main research areas in selection interviews is the effect of interview structure on interview validity. Job analysis is one of the components used most frequently in structured interviews (Levashina et al., 2014). One of the essential roles of job analysis is to figure out the work attributes required to perform well on the job (Sanchez and Levine, 2001). A job analysis reveals the requirements of the job and therefore helps identify a matched candidate that fits the role complementarily (Muchinsky and Monahan, 1987). It serves as the foundation on which interviewers and professionals can base their interview questions, which is shown to increase interview validity (Wiesner and Cronshaw, 1988). Radar charts with job requirements and their relative weights were developed by experts from the company as references for employee selection and improvement.

In our study, job analysis is done by company human resource business partners who understand both the business objectives and human resource practices. They first discuss the goal of each position in the business unit with the unit leader to determine the capabilities needed and a weight is assigned to each of these capabilities. Greater weight means a higher likelihood to contribute to a better performance grade. A radar chart of each of the positions is then generated to make it easier for others to understand and utilize (Figure 1). More specifically, the radar chart here in our study is a chart with capabilities needed for the position and their weights arranged around a circle with lines plotted from the center to the edge. The longer the line the higher the weight of the capability with the name indicated at the edge. One of the advantages of radar charts is that they allow users to evaluate the capabilities and weights simultaneously, which is supposed to help interviewers form their interview questions. By using the radar chart together with proper interview training on how to ask questions, interviewers are more likely to focus on the capabilities needed for the position and ask the pivotal questions.

[image: Figure 1]

FIGURE 1. Job-analysis diagram example downloaded from company website.


Another important component of the interview structure is notes written by interviewers. Interviewer notes contain rich text data about what they think of the candidate’s performance during the interview. Text data, a new kind of qualitative data, has become available to researchers in human resources (e.g., Platanou et al., 2018), thanks to the development of information technology. In particular, narrative comments from supervisors have shown their validity in performance appraisal literature as a new data source. Comparing to traditional performance ratings, comments in notes offer more contextual information and require a higher cognitive process to write so that are less vulnerable to social and cultural rating impacts (Brutus, 2010). Moreover, some articles have shown the validity of using text data in personnel selection study, such as candidate essays (e.g., Campion et al., 2016) and admission interviews (e.g., Elam et al., 1994). Given the proximity between performance appraisal and selection interview in human resource management research under the broad category of assessing people (Markoulli et al., 2017), interviewers’ narrative comments in their notes after the interview about a candidate’s performance provide a different and unique perspective on selection interview research.

One of the purposes of selection interviews is to assess the fit, where PJ fit refers to the compatibility between the candidate’s characteristics and the requirements of the job (Kristof-Brown et al., 2005). The framework of PJ fit proposed by Edwards (1991) consists of two classes: needs and supplies (NS) fit, and demands and abilities (DA) fit. NS fit focuses on the desire of the employee and what the job can provide. DA fit focuses on job demands and what the employee’s capabilities have to offer. Interviewers assess candidates’ job-related capabilities by asking job analysis related questions, such as using capabilities chart or opinion from experts as references. Although the narrative comments in the notes may not reveal the actual opinion of the interviewer on the aspect of the job requirements radar chart, it is reasonable to assume that the candidate has met the criteria since our data only have the candidates who passed the interview. Because of the different conceptualization, NS fit is often utilized in studies to examine its relationship with job satisfaction, job stress, and motivation, while DA fit is utilized as a predictor of job performance, promotion, and retention (Edwards, 1991). Boon and Biron (2016) find that higher DA fit predicts higher turnover intention when leader-member exchange (LMX) quality is high. Kristof-Brown et al. (2005) show in their meta-analysis that PJ fit is a valid predictor for job performance and turnover, where the correlation coefficient is positive and negative, respectively. There are three common measurement methods for PJ fit: perceived fit, subjective fit, and objective fit. Interviews serve as a crucial tool to assess the fit of a candidate before they are selected into the organization. Interviewers can assess the match between a candidate’s values and the organization with high accuracy (Cable and Judge, 1997).

Interview narrative comments in our study are the content interviewers write down in their notes after an interview to record what they think of the candidate. They serve as a tool for interviewers to give a review of the candidate’s response to the questions the interviewer asked during the interview. Since interviewer narrative comments are a kind of performance appraisal that assesses people’s behaviors, they can be scored into different performance dimensions (Speer et al., 2018). Interviewers in our research are required to write notes after each interview by their human resources system. The notes are without format or content restriction. Interviewers write down their impression of the candidate’s interview performance and answers to their questions to support their decision on whether the candidate pass or fail. They are expected to write in more detail. By investigating the dimensions covered in the comments, we will be able to know what qualities of the candidate the interviewer has examined during the interview. If the interviewer asked job-related questions during the interview and was able to assess the fit between the candidate and job requirements, the interview will better predict the candidate’s job performance, promotion, and turnover. Therefore, we proposed the following hypotheses:

H1: The match between the job requirements radar chart aspects and the interviewer’s narrative comments on the candidate positively relates to the candidate’s (a) job performance, (b) the number of promotions, and negatively relates to the candidate’s (c) turnover.



The Effect of the Breadth of Interview Questions on the Matching Score Between Interviewers’ Narrative Comments and Radar Chart Dimensions on the Interview’s Predictive Validity

Although using the radar chart from job analysis to construct interview questions increases interview validity, how to use the chart more effectively needs further investigation. Since longer interviews cost the organization more (Thorsteinson, 2018), interviewers are not likely to spend much time on an interview. Within a limited length of interview time, interviewers can either go broader to cover more aspects of the radar chart from job analysis and get a comprehensive impression of the candidate or select certain aspects to get a deeper understanding of the candidate’s capabilities. Due to the trade-offs between time and effort, it would be hard for individuals to have broad knowledge domains and be specialized in all of them at the same time. The breadth and depth of employee knowledge are utilized as the two ends of one dimension (Schilling et al., 2003). Since the job requirements across positions vary, and the depth and breadth of knowledge affect how employees perform on the job, the choice of interviewers’ questioning strategy may have different effects on interview validity.

To compare the breadth effect across different job groups, we used all the entry-level jobs of an internet-based technology company that were different in roles and job requirements. The company has divided its jobs into five categories, called Clans: Technical, Product/Project, Marketing, Specialist, and Design. As these names suggest, jobs are grouped into different Clans based on their skill requirements. For example, jobs in the Technical Clan are mainly engineers that require programming and computer skills, whereas jobs in the Marketing Clan are jobs that require business skills for the company’s sales of products and business expansion. Boh et al. (2014) found in their research that the breadth of employee expertise leads to a higher number of inventions, while the depth of expertise is more helpful for inventions that are more complicated and technical. Employees with deeper knowledge would be able to recombine their existing knowledge to have a significant impact on technological change (Fleming, 2001).

Technical jobs often involve abstract problem solving and logical reasoning, therefore a deeper understanding of the tools and logic of completing the tasks will allow employees to perform better. Since our data were from an internet-based technology company whose products are mainly social media platforms and games for consumers where competition is intense, the company needs the products they develop to stand out and differentiate themselves from other competitors. This product development process requires product managers to have a comprehensive and deep understanding of the market and user base, where the depth of knowledge is crucial. Positions in the Specialists Clan include many functions such as legal, investor relations, and enterprise management. These jobs are highly specialized and often require employees to participate in training courses or to obtain licenses before being allowed to perform. For jobs in these Clans, interviewers should focus more on the specialized capability requirements and narrow down their attribute dimensions on the radar charts to get a more detailed understanding of the candidate’s proficiencies to complete specific tasks. Therefore, we proposed the following hypotheses:

H2: The relationship between the appearance of radar chart related keywords in the interviewer’s narrative comments and the candidate’s job performance is moderated by the number of dimensions the interview covered, such that the fewer the dimensions, the (a) better performance score, (b) higher number of promotions, and (c) lower turnover probability of the candidate for the Technical, Product/Project, and Specialists Clans.

On the other hand, the breadth of employees’ knowledge enables them to restructure their expertise in innovative ways (Boh et al., 2014). Simonton (2003) finds in his study that the higher number and variety of different cognitive elements available for association increase the probability of generating creative combinations. His result indicates that breadth of knowledge helps individuals to have new ideas and be more creative. This is especially important for employees in the Design Clan, whose jobs are drawing and graphic design for games and social media applications. The design process usually involves recombining different elements and features from different domains to create something new. Thus, employees’ breadth of knowledge could help expand their search domains and come out with different features and styles to fit the themes of different applications.

Jobs in the Marketing Clan are mostly roles in the business operation of the company, such as marketing, sales, and strategic planning. These jobs do not require very technical or specialized skills but do call for the ability to come out with new ideas for the changing business environment. Besides, business operations often involve different parties and their interests. Solving business problems requires building connections with these parties to communicate effectively. Since these parties are different and their interests vary, the breadth of knowledge will help employees to increase the variety of ideas to handle different scenarios and novel business problems (Greve and Taylor, 2000). Because the nature of the jobs in the Design and Marketing Clans is different and requires more innovation but less technical know-how, the breadth of knowledge is more critical here than the other three Clans. Therefore, we proposed the following hypotheses:

H3: The relationship between the appearance of radar chart related capabilities keywords in the interviewer’s narrative comments and the candidate’s job performance is moderated by the number of dimensions the interview covered, such that the more the dimensions, the (a) better performance score, (b) higher number of promotions, and (c) lower turnover probability of the candidate for the Design and Marketing Clans.




MATERIALS AND METHODS


Data and Procedure

We tested our hypotheses using human resources data from one of the top internet-based technology companies in China. This company has a well-built data infrastructure that supports data from many human resource departments and functions, including recruitment, assessment, training, compensation, and turnover management. We were able to link these different systems using the unique id number of each candidate that has been selected into the company after the interviews.

All the jobs in the company are divided into five Clans mentioned above. The hierarchy is Clan – Class – Position. For example, a typical hierarchy could be Technical Clan – Technology Research and Development Class – Web Front-End Development Position. Also, each position can be further classified into different Grades and Ranks. There are 6 Grades in total, which follow the hierarchy as Entry – Intermediate – Specialist – Expert – Master – Fellow, and are labeled 1–6. Furthermore, each Grade has three Ranks: Basic, Regular, and Professional. For any employee to be promoted to the next Grade, he/she has to go through the Ranks one by one, from Basic to Professional. For each Rank, there is a dedicated capability radar chart from job analysis that is used as a training reference for both the supervisor and employee to understand the requirements of the position at that level. An example of the diagram is given below (Figure 1).

All candidates seeking a job in this company have to be interviewed. This company has an interviewer scheme program where employees have to go through a training class before being allowed to interview job applicants. The training class aims to familiarize employees with the interview process and remind them to not ask interview questions that may impose legal issues such as questions related to gender, marital status, and age. In the training materials, we obtained from the company’s internal knowledge-sharing platform, it specified that interviewers should adopt the Situation, Task, Action, Result (STAR) interview method to assess interviewees’ capabilities and experiences. This method requires interviewers to be less specific and ask more open-ended questions so that they can listen to and observe more carefully the answers given by the interviewee. After each interview, interviewers are required to write down their thoughts about the candidate. There is no pre-specified structure of the comments; interviewers can determine what to write and in what detail, although giving clear and concise comments is encouraged. This requirement together with the STAR interview method makes the interview comments reasonable evidence of what capabilities and experiences the interviewer assessed the candidate during the interview and in what detail.

The sampling frame for this study consisted of 7,650 candidates who had gone through the selection process and had become a formal employee of the company from 01 July 2016 to 01 July 2018. These candidates applied for various positions, including 3660 (47.8%) candidates for Technical Clan, 1825 (23.9%) candidates for Product/Project Clan, 1268 (16.6%) candidates for Marketing Clan, 449 (5.9%) candidates for Specialist Clan, and 447 (5.9%) candidates for Design Clan. The average age of the candidates is 31.16, with 75.4% male. The distribution of the job applications for each Clan reflects the actual employee composition of the company, as programmers and product managers are the most needed talents in an internet-based company whose products are mainly social media applications and online games.



Measures


Performance Rating

Employees receive a job performance rating from their immediate supervisor biannually at the team level. This rating is called “star” and is given out on a five-point scale, ranging from 1 star being unacceptable to 5 stars being exceptional. We used the first term rating as the measure of employee performance rating because it was the first rating the candidate received after the interview, which reflected the interview assessment of the fit between the candidate and the dimensions from the radar chart more accurately, as the predictability decreases over time (Barrick and Zimmerman, 2009).



Promotion

A promotion is defined as a move to a higher Rank in the hierarchy described above. The number of promotions is recorded by counting the upward change in employee position level during the time he or she is in the company.



Turnover

Turnover is defined as the employee’s exit from the company. It is treated as a dichotomous variable, where 1 means the employee left the company within the observed timeframe, and 0 means he or she did not leave.



Matching Score

Before calculating the matching score, we needed to clean and process the text data of interviewers’ narrative comments as well as the dimensions from each radar chart. Because the interviewers’ narrative comments were written in Chinese, and the Chinese words are not delimited, word segmentation was a necessary step (Peng et al., 2017). First, we used a Chinese stopword list to remove symbols and common words that did not provide any insights (e.g., “the,” “that,” “here,” etc.) from the content. Second, Python programming language and a Chinese Natural Language Processing package HanLP (Han He, 2014) was used to segment sentences in the comments and job-analysis dimensions. Sentences in comments were broken down into meaningful words, which were then to match with the words from the job-analysis dimensions. The matching score was calculated according to the formula:

[image: image]

where [image: image] referred to the dimensions from the radar chart, [image: image] referred to the weight of [image: image]th dimension, and [image: image] referred to the number of occurrence of [image: image]th dimension in the comments. Since the radar chart for each job has a different number of dimensions with different weights, we normalized the matching score by dividing the sum of all the dimension weights.



Breadth Coverage

The breadth of dimensions from the radar chart interviewers covered during the interview is calculated by adding how many dimensions appeared in the comments. More specifically, the algorithm goes through all the phrases in the comments one by one. Whenever a new dimension that has not been seen in the previous phrases appears, the breadth coverage number adds one. Then the number is divided by the total number of dimensions for normalization since each radar chart has a different number of dimensions. Therefore, the number represents the total number of unique dimensions the interviewer has been able to assess during the interview. Although the breadth number is calculated using the comments written after the interview, it is still a relatively accurate measure. The company requires interviewers to write comments after each interview, which will become a company record for both the interviewer and the interviewee if the candidate is hired. Since this is part of interviewers’ job, they are responsible to write it to their best knowledge. With different writing styles, the length of the comments may vary across interviewers. However, these comments should reflect the ideas and dimensions interviewers assessed during the interview, at least what impressed the interviewer the most which led to his/her decision of whether hire or pass.



Controls

A candidate’s performance after he or she is selected into the company may be influenced by many factors. Therefore, several control variables were included in the analyses for better estimates of our hypotheses. We used a dichotomous variable as an indicator of the employee’s gender, where 1 indicated male and 0 indicated female because male employees may be favored more than female employees, especially in a male-dominated work environment such as in our case. Employee education level is added as a control variable because different education levels will have different impacts on the employee’s ability to process complex information, therefore affect his or her job performance (Wally and Baum, 1994). Workplace age stereotypes are getting more prevalent in affecting performance evaluation, promotion, and retention of employees (Posthuma and Campion, 2009). Thus, we included employee age as a control variable.

Moreover, the average team member rating was included as a control variable, where we aggregated all team members’ performance ratings and divided them by the total number of members. Team sizes were controlled because they affect how well team members know each other for performance grading. Different job clans may have different performance rating criteria, such that employees in some clans may more easily take credits for outstanding outputs, while others may not be so obvious. Therefore, we controlled the job position as well. A dummy variable of the year of hire was also added to reflect the changing environment of the labor market as well as the business the company was running in.





RESULTS

Descriptive statistics, the means, SD, and correlations among all variables are presented in Table 1. To test our hypotheses, we used employees’ age, education level, gender, the size of their team, the year of hire, and the team’s average performance score as control variables. The matching score between interviewer narrative comments and dimensions on the radar chart was used as the independent variable to test its effects on performance, promotion, and turnover. We used a three-way interaction between matching score, breadth coverage, and the Clan of the candidate to test the moderating effect of breadth coverage on matching score in different job Clans (Mitchell, 2012). Tables 2–4 provide the results of multivariate tests of our hypotheses for the dependent variables of performance, promotion, and turnover, respectively. Specifically, model 1 only took the control variable as an independent variable, while model 2 tested the direct effect of matching score on performance and promotion using Ordinary Least Squares (OLS) regression analysis, and turnover using Logit modeling. In addition to model 2, model 3 added a three-way interaction to test hypotheses 2 and 3. The coefficients are shown in Tables 2–4, with the asterisk indicating the significance level.



TABLE 1. Means, SD, and correlations continued.
[image: Table1]



TABLE 2. Statistics analysis results for dependent variable performance.
[image: Table2]



TABLE 3. Statistics analysis results for dependent variable promotion.
[image: Table3]



TABLE 4. Statistics analysis results for dependent variable turnover.
[image: Table4]

For candidates’ performance, model 1 in Table 2 showed that age and average team performance were positively related to performance rating, while the year of hire was negatively related to performance with significance. When the matching score was added to the model, the performance rating coefficient was positive and statistically significant (β = 0.012, p < 0.05) with increased Adjusted [image: image] value, supporting Hypothesis 1a. In addition, an F-test was carried out in model 2 with the result of a significant F-change, meaning that matching score significantly improved the prediction of the variables. One of the problems when dealing with a large sample size is that p-values approaching zero, giving statistical significance but impractical effects. Zhang et al. (2010) calculated the marginal effect in their study to show practical significance. Following their method, we calculated the marginal effect of matching scores on performance. When the matching score increases by one SD (SD = 1.685), performance would increase by 2 percent.

For the promotion dependent variable, model 1 in Table 3 showed that age and gender were positively related to the number of promotions, while the year of hire was negatively related to promotion with significance. In model 2, where the matching score was added, the coefficient was positive and statistically significant (β = 0.016, p < 0.05) with increased Adjusted [image: image] value, supporting Hypothesis 1b.

Model 1 in Table 4 showed that team size was positively related, and average team performance was negatively related to turnover with significance. Supporting Hypothesis 1c, model 2 with the matching score added indicates turnover indicator coefficient was negative and statistically significant (β = −0.233, p < 0.01), suggesting that the higher the matching score, the less likely the candidate would leave the company. Since we used Logit modeling for the turnover dependent variable, no Adjusted [image: image] value was reported.

To test Hypotheses 2 and 3, we used a three-way interaction between matching score, breadth coverage, and Clan. High breadth coverage indicates that the interviewer covered more dimensions from the radar chart in the questions asked during the interview, while low breadth coverage indicates fewer dimensions covered. The analysis was performed using Stata, following the examples and instructions in Mitchell (2012) for continuous by continuous by categorical interactions. Results are shown in model 3s in Tables 2–4 for the three dependent variables analyzed respectively. For candidates’ performance ratings, our results indicated that none of the coefficients for the three-way interaction terms was significant for all five Clans, thus failed to support our Hypotheses 2a and 3a.

Results of model 3 in Table 3 showed that the coefficients of the interaction term on candidates’ number of promotions were negatively significant for the Product/Project Clan (β = −0.171, p < 0.01) and the Specialists Clan (β = −0.099, p < 0.1). Figures 2, 3 showed the marginal prediction of the breadth coverage for different levels of matching score on the number of promotions for the Product/Project Clan and the Specialists Clan, respectively. As seen in Figure 2, the fewer dimensions covered with higher matching score gave a better prediction on candidates’ number of promotions. However, Figure 3 shows that low breadth resulted in negative marginal prediction for Specialists Clan, suggesting that low breadth coverage caused fewer promotions. These results suggested that the fewer job-analysis dimensions interviewers covered during the interview, the better the matching score predicted candidates’ number of promotions, partially supporting Hypothesis 2b but failing to support Hypothesis 3b.

[image: Figure 2]

FIGURE 2. Moderating effect of breadth coverage on promotion for Product/Project Clan.


[image: Figure 3]

FIGURE 3. Moderating effect of breadth coverage on promotion for Specialists Clan.


Results of model 3 in Table 4 showed that the coefficients of the interaction term on candidates’ turnover were negatively significant for the Specialists Clan (β = −9.913, p < 0.01) and negatively significant for the Technical Clan (β = −3.225, p < 0.01). Figures 4, 5 showed the marginal prediction of the breadth coverage for different levels of matching score on turnover for the Specialists Clan and the Technical Clan, respectively. As observed from Figure 4, low breadth coverage was comparatively better than high breadth coverage for Technical Clan, such that candidates interviewed with fewer dimensions were less likely to leave the company. However, Figure 5 shows that low breadth coverage predicted higher turnover than high breadth coverage as the matching score increased for Specialists Clan. These results partially supported our Hypotheses 2c but failed to support our Hypotheses 3c.
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FIGURE 4. Moderating effect of breadth coverage on turnover for Technical Clan.


[image: Figure 5]

FIGURE 5. Moderating effect of breadth coverage on turnover for Specialists Clan.




DISCUSSION

The results of our study show that the match between interviewer’s narrative comments and capability dimensions on the radar chart had a significant effect on interview validity in the candidate’s job performance, promotion, and turnover. The candidate’s job performance after being selected is the common measure of interview validity (Huffcutt and Arthur, 1994; Kleinmann et al., 2011). However, most of the results were drawn using mock interviews and experimental data (e.g., Ingold et al., 2015; Huffcutt et al., 2017). Our study further confirmed the current literature empirically by using data from a real work environment. While promotion is often considered a result of higher performance ratings (Lyness and Heilman, 2006), our results indicate a direct relationship between interview qualities and the number of promotions. Despite the theoretical implication that DA fit influences employee turnover (Kristof-Brown et al., 2005), whether interview qualities have a direct effect on interviewee turnover was hard to analyze because of the lack of data from real scenarios. Our results showed and confirmed this theoretical implication empirically, that is, that DA fit decreased turnover rate. Together with the effect on interviewee performance and promotion, we contributed to the PJ fit literature, specifically DA fit, the finding that interview is an effective method for assessing DA fit, and thus a valid predictor for interviewees’ job performance, promotion, and turnover.

Moreover, we found that the breadth of job-analysis dimensions coverage moderates the effect of the match between interviewers’ narrative comments and job-analysis dimensions on interview validity for job categories that require deeper and narrower knowledge. Even though radar charts from job analysis is a valid tool for interview question generation, it is often treated dichotomously as to whether it is used for interview questions or not, showing a failure to appreciate the extensive amount of information it may contain. Our findings suggested an explicit usage of radar charts from job analysis in selection interviews, therefore filled the gap in knowledge of how job analysis could be better utilized to assist interviewers and extended the literature on job analysis in human resources management.

One of the reasons that our findings did not support the moderating effect of the number of job-analysis dimensions on candidates’ job performance in Hypotheses 2a and 3a was that the number of dimensions might not reflect how good the choice of dimensions by the interviewer was. Speer et al. (2019) find in their research that interviewers’ social intelligence and general mental ability are important factors that help interviewers choose more suitable interview questions and rate prospective employees accurately. Including interviewers’ personality and intelligence data may help fill this gap, and show how the different aspects of a radar chart should be chosen to predict candidates’ performance more accurately.

The moderating effects of breadth coverage on candidates’ number of promotions were significant on Specialists Clan and Product/Project Clan in Hypothesis 2b, but not on Technical Clan. On the other hand, the moderating effects were significant on Specialists Clan and Technical Clan but not on Product/Project Clan in Hypothesis 2c. This was probably because some of the jobs in the Technical and Product/Project Clan required not very deep knowledge, but broad interaction skills like jobs in Design and Marketing Clans. For example, there were jobs in the Product/Project Clan that dealt with game operations and overseas collaboration management. In the Technical Clan, jobs such as services management and operation planning were less technical but required more personal skills to coordinate with other departments. Therefore, it would be better to further test Hypotheses 2b and 2c with more specific job positions to see more clearly how the breadth coverage would moderate the results.

The failure to support Hypotheses 3b and 3c, where we argued that the higher the number of dimensions covered in the interview, the better its predictability, indicated that for jobs that required broader knowledge, the use of job analysis in interviews might require more attention. Though the job analysis is a valid component for a selection interview, as shown in Hypotheses 1a, 1b, and 1c, the number of dimensions covered might not be good enough to reveal how interviewers could utilize it in interviews for jobs in Design and Marketing Clans. Future research could focus on the content of the dimensions and how they relate to performance evaluation or PJ fit of the candidate, rather than just DA fit.

Apart from the theoretical contributions mentioned above, our results extend the literature on selection interviews by using a new type of data – interviewers’ narrative comments – as well as employees’ actual performance data within the company, to illustrate the direct effect of asking job-related questions on interview validity. Moreover, the use of text analysis on interview narrative comments is a method that has not been used in the selection interview literature, even though it is gaining more attention in other areas of human resources management research such as performance appraisal (e.g., Brutus, 2010; Speer, 2018; Speer et al., 2018), applicants’ justice perceptions (Walker et al., 2015), and training of interviewers (Shantz and Latham, 2012). Our study extends selection interview literature by introducing a new method proven in another field of study. In addition, using interviewer comments and radar charts from job analysis is a more objective method for interview candidates’ fit assessment, since it does not require employees to give ratings of the fit they perceive, which are likely to be inaccurate because of the lack of knowledge or understanding of the job requirements. This method showed a more promising fit assessment method and confirmed the extant research findings.

Even though Huffcutt and Arthur (1994) proposed a framework for different levels of interview structure in terms of the level of standardization and restriction, many studies still treat interview structure dichotomously without considering the different effects imposed by different structure levels. On the other hand, although structured interviews are believed to outperform unstructured interviews in many aspects by academic researchers, they are not well adopted by professionals and practitioners (Van der Zee et al., 2002). One of the most prominent reasons that interviewers are reluctant to use structured interviews is the lack of autonomy (Nolan and Highhouse, 2014). The contribution of our study here is practical. Our results indicate that interviewers could use job-analysis as a structure during the interview without using pre-determined questions, as long as they can form a conclusion about the candidate’s capabilities related to the job-analysis. This relaxed interview structure similar to level 2 of question standardization in framework of Huffcutt and Arthur (1994) was a valid predictor for interviewees’ performance. Using this relaxed structure is itself a contribution because most of the structured interview research has only examined whether structures are utilized in interviews but not to what degree they are utilized (Chapman and Zweig, 2005). Our study further confirms the validity of this framework with large sample size and real-world data.

Practically, our results indicate that interviewers could choose a less restricted interview structure and be more autonomous in their interviews without compromising their interview validity. Moreover, the choice of interview questions in our study was decided by interviewers without prespecified rules, which made our result more relatable to other interviewers in practice. As Zhang et al. (2018) point out, the adoption of interview structure depends on how well practitioners and professionals understand the validity of this practice. In addition, the study by Van der Zee et al. (2002) shows that a subjective norm is one of the factors that motivate interviewers what interview techniques to use. Therefore, by using data and comments from actual interviewers and how they behaved during interviews, our results would improve interviewers’ understanding and appreciation of the superior quality of a structured interview so that they are more willing to adopt this method.



LIMITATIONS AND FUTURE RESEARCH

This study has several limitations that may need further exploration. Despite the innovative usage of interviewers’ narrative comments and real-world data generated from daily human resources activities in a real business entity, our data were drawn from one single organization, which might not generalize well to other organizations. Since different organizations may have different rules for conducting interviews and selection standards differ across industries, it would be of theoretical and practical value to compare interviewer narrative comments from other organizations and industries to see the boundary and effectiveness of how well interviewers’ narrative comments can predict interviewees’ job performance.

One of the main factors in our study is the interviewer. Whether the personality, training, and other backgrounds of the interviewer affect how he/she writes the comments and conducts the interview may have a direct effect on how well the matching score predicts the job outcome as well as the moderator effects of the breadth coverage. This issue needs to be addressed in future research from the interviewers’ perspective to provide a full scope of the study.

The requirement of the existence of high-quality radar charts from job analysis for every position might be a challenge for other organizations, especially smaller enterprises that do not have enough budget for job-analysis development. This requirement may limit the generalizability of our findings. However, what attributes interviewers are most interested in may be revealed through a thorough analysis of their narrative comments. Future research may explore the content of interviewer narrative comments using more sophisticated natural language processing techniques such as machine learning (e.g., Campion et al., 2016) to discompose the comments into different job-related attributes and explore their predictability on interviewees’ job performance. This approach will further contribute to the job-analysis literature by showing a new method of job-analysis development for selection interviews. Through the content analysis of interviewer narrative comments, organizations can figure out what attribute has the best predictive validity and construct radar charts accordingly, which also requires less time and budget.

While, we showed that a relaxed interview structure similar to level 2 in Huffcutt and Arthur (1994) was a valid predictor for interviewee job performance, we did not compare the validities of different levels of structure, given the promising usage of narrative comments data. Different interview structure levels may lead to different comments interviewers give after each interview. It is worth analyzing these differences in comment content and styles and how they impact the predictive validity of interviews. Future research could extend this study by controlling the interview structure levels to compare how they influence the comments interviewers write and which level gives the highest predictive validity.

Despite these limitations, the present study contributes to the selection interview literature by taking an important step toward addressing calls for research that investigates the validity of structured interviews, using new techniques and data that meet the shifts in selection literature that are affected by tremendous changes in business (Ployhart et al., 2017). Our sample contained employees from various positions with large sample size, as well as data from real selection interviews and employees’ job performance ratings in an actual organization setting, thus increasing our confidence in both theoretical and practical contributions. Also, our use of text analysis techniques allowed us to investigate how the match between interviewers’ narrative comments and radar chart dimensions predicts candidates’ performance and career in the organization. To our knowledge, this is the first empirical examination of how the breadth of job-analysis dimensions asked during an interview influences the interview validity. Thus, the findings of our study offer important insights into how interviewers should conduct their interviews using radar charts from job analysis for better interview validity.
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