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Introduction 

In the face of ever-increasing technological sophistication, knowledge transfer is 

among the most vital challenges in today’s utility sector.  In many skilled positions, 

operators require several years of training to become self-sufficient; it is therefore 

crucial to accurately predict where knowledge gaps are likely to emerge as skilled 

employees retire. A robust and reliable approach to business forecasting is 

essential. 

Yet, despite recent advances in data mining and predictive analytics, many utilities 

forecast turnover using obsolete methods that prove highly inaccurate. One 

popular method, trend analysis, relies on the faulty assumption that the future will 

mimic the past, without accounting for changing economic conditions and 

workforce demographics. Actuarial tables are another popular forecasting tool, but 

they generally assume that turnover and retirement are driven by only a few 

factors, such as age and tenure, and ignore a wide range of other powerful 

influences on employee behavior. 

Enter the Vemo solution.  Combining cutting-edge expertise in data mining and 

statistics, a seasoned understanding of the utility sector, and a versatile software 

tool, we build powerful forecasting models and then hand you the reigns.  Once the 

models have been built and incorporated into your customized software tool, you’ll 

use forecasting to 1) explore the drivers of turnover and retirement across your 
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workforce, 2) design strategies for knowledge transfer and turnover reduction, and 

3) build internal benchmarks to explore strategic needs across branches.

Part 1: Data Mining and Model Methodology 

At Vemo, we believe in a data-driven approach to forecasting. In our experience, 

the drivers of turnover vary widely across companies, and across different worker 

groups within companies. A ‘one-size-fits-all’ approach is bound to yield inaccurate 

forecasts.  Therefore, we mine the historical data that you provide to discover the 

key dynamics of turnover within your unique workforce.   

The process begins with compiling the necessary data. After properly formatting 

the raw data that you provide, we merge in additional information that we have on 

hand. This is because we consider the widest possible variety of factors that might 

be driving turnover within your company, including external economic conditions 

and other factors that may not exist in your raw data.  

We generally consider around 15-20 potential drivers, which can be grouped into 

four categories (see Figure 1). We start by considering how turnover is driven by 

employee demographics, such as age and tenure, and recent job related events, 

such as transfers, raises, and promotions. We then construct indicators of 

workplace conditions, such as the manager-to-employee ratio, team size, 

commute distance, and other factors, to see how an employee’s decision to retire or 

turnover might be influenced by conditions within their work environment. Finally, 

we consider the influence of external economic conditions, such as the stock 

price of your company, global market conditions, and local labor market 

considerations. 
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FIGURE 1: Four Types of Key Drivers 

By considering the widest possible range of potential drivers, we achieve two 

powerful modeling advantages. First, with more data, we achieve much more 

nuanced and accurate forecasts, since our forecasts account for demographic 

change within your workforce and well as the changes in the economic climate. 

Second, the diverse data inputs allow for a wide variety of insights regarding the 

causes of turnover in your organization and what actions you might take to delay 

retirement and reduce turnover. 

Figure 2 outlines the additional steps in the process. After compiling the necessary 

data, we implement data-mining algorithms to uncover key patterns driving 

retirement and turnover. The example in Step 2 shows results for three example 

drivers, although we typically uncover 8-12 drivers that are worthy of inclusion in 

the model. Once we uncover the most important drivers, and the key patterns that 

link each driver to turnover risk, we combine the results into a single equation that 

estimates annual turnover or retirement risk for each employee. The technique we 

use to construct this equation is called logistic regression. 
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The objective of logistic regression model is to describe how turnover risk varies 

based on a relevant factor.  Does an individual become significantly more or less 

likely to quit after receiving a lateral transfer?  Are individuals with high 

performance ratings more or less likely to turnover?  These are just a few of the 

research questions that this type of model might answer. The logistic model also 

allows us to examine the impact of a factor on flight risk while controlling for other 

factors.  This helps us to more clearly define the distinct impact of each attribute.  

Box 1 discusses the importance of this technique. 

FIGURE 2: Model-Building Methodology 
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Box 1: 
The Importance of Controlling for Relevant Factors 

One way to explore the factors that drive turnover is to look at differences in flight risk across 

groups of employees.  For example, one might observe that turnover is higher among non-

managers than among managers.  This might lead to the conclusion that being a manager 

causes an employee to be less likely to quit.  However, this isn’t necessarily the case.  Rather, 

it may simply be that managers tend to be older employees, and it is the age of these 

individuals, rather than their status as managers, which makes them less likely to quit.  In this 

case, age is deemed a “confounding variable. “ 

To more precisely estimate the causal impact of being a manager, it would be preferable to 

hold age constant—to see if a difference in flight risk remains when we compare managers 

and non-managers within similar age groups.  If a difference in flight risk remains when 

controlling for age, we may be more confident that being a manager has an impact on 

turnover risk.   

In addition to age, it might also be necessary to control for a range of other confounding 

variables.  Logistic regression is a sophisticated tool for achieving this end—it can estimate 

the relationship between a predictor variable, such as managerial status, and an outcome 

variable, such as flight risk, while controlling for a wide range of potentially confounding 

variables. 
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Part 2: Forecasting 

Once the logistic equations for turnover and retirement are built, they are loaded 

into the Vemo software platform, where they are used to assign a rolling annual 

turnover/retirement risk to each active employee. This assigned risk factor can be 

used to identify specific individuals who have a high turnover/retirement risk; it 

can also be averaged over groups of employees to forecast turnover rates at the 

group level. 

Table 1 presents an example report showing the ten retirement-eligible skilled 

labor positions that are most at risk of retiring in the next year. Note that once the 

models are built, the information shown for the ten employees is available for 

every active employee in the workforce. In addition to the model-assigned 

turnover risk, the report leverages the model to identify the specific factors that 

are causing the elevated risk for each employee. 

TABLE 1 

For example, according to the model, Employee 0171 exhibits an elevated risk 

primarily because she has not been given a raise or promotion in recent history. 
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For this individual, age is a factor in driving retirement risk, but it is less important 

than the other two factors. This suggests that if management wished to delay 

retirement for this individual, a raise or promotion might help. For the older 

employees in the table, for who turnover is driven primarily by age, it may be more 

difficult to intervene and delay retirement because age is a non-controllable factor. 

Risk factors can also be aggregated across groups of employees to create multi-

year retirement or turnover forecasts. During the model-building stage, models are 

rigorously tested for accuracy to ensure that these forecasts are trustworthy. In 

addition, after they are put into use, forecasts are subjected to continual testing 

over time. If we observe that an active model has begun to lose accuracy, we go 

back to the model construction phase and make necessary adjustments. 

Figure 3 shows forecast turnover and retirement rates over the next five years for 

a key group of high-skilled operators. These forecasts are achieved by assigning 

each employee a risk factor based on his or her projected characteristics over the 

next five years, and then averaging risk across the entire group. In this example, 

due primarily to an aging workforce, the model predicts an increase in retirement 

rates. 

FIGURE 3 
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Figure 4 combines the retirement and turnover forecasts from Figure 3 with other key data 

points to estimate the headcount deficit that will emerge if no action is taken. The “newly 

trained operator” figure is based on operators currently in training who are set to become 

self-sufficient in each year. Based on the model’s projections, the number of new operators 

added each year will not be sufficient to replace the operators lost to retirement and 

turnover. This results in a starting headcount that drops from 65 in 2016 to 52 in 2020, and 

a corresponding headcount deficit that reaches 16 in 2020. Based on this knowledge, 

planners might look into hiring trained operators who can offset the deficit. Another 

strategy would be to reduce turnover and delay retirement until enough internal operators 

can be trained to take-over. Fortunately, the model-based insights can also help with this. 

        FIGURE 4 
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increases or decreases attrition risk for the average worker in the given employee 

group. A figure greater than one (shaded red), indicates that the driver increases 

attrition risk for the given employee group. A figure less than one (shaded green) 

indicates that the driver decreases attrition risk. Thus, in Figure 5, the driver that 

increases turnover risk to the greatest extent for the overall workforce is manager 

tenure. This indicates that for the average worker, the tenure of that worker’s 

manager increases the employee’s flight risk by an average of 45% (so if flight risk 

would otherwise be 2%, the variable increases it to about 3%). Since we know that 

lower manager tenure increases flight risk, this indicates that manager 

inexperience appears to be the most powerful factor driving turnover in the overall 

workforce. Promotions, in contrast, exert a downward pressure on flight risk for 

the overall workforce. The impact factor of 0.75 indicates that for the average 

employee, promotions decrease flight risk by 25%. 

Figure 5: Turnover Drivers Matrix 

Turnover Drivers 

Overall 
Workforce 

Operators Administrative Linemen IT 

Manager Tenure 1.45 0.95 1.10 1.65 1.25 

Team Size 1.33 1.55 0.58 0.88 1.45 

Unionization 1.10 0.78 1.10 0.88 1.38 

Tenure 1.08 1.40 0.95 1.10 0.88 

Commute Distance 1.04 0.88 1.42 0.83 1.05 

Salary 1.00 1.45 0.85 1.33 0.87 

Raises 0.99 0.87 1.27 1.40 0.95 

Transfers 0.84 0.98 0.74 0.90 1.25 

Promotions 0.75 0.77 0.67 1.35 0.80 

Salary Inequality 0.72 0.65 0.80 1.25 1.45 

Age 0.70 0.60 0.98 0.85 0.62 

Local Labor Market 0.65 0.55 0.88 0.60 0.87 
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The drivers matrices can be used to compare the most influential drivers across 

key employee subgroups. It is clear that the most influential drivers vary across 

groups. In the case of operators, the most powerful drivers behind turnover appear 

to be Team Size, Tenure, and Salary; for administrative workers, the most powerful 

drivers are Commute Distance and Raises (or rather lack of raises, given that the 

variable has a negative impact). 

In Figure 6, which shows the drivers behind retirement, age is unsurprisingly the 

most powerful driver for both the overall workforce and for each employee 

subgroup. However, the other drivers vary across groups, and the results indicate 

that for some groups, certain interventions might be taken to delay retirement. For 

example, for Operators, one of the most powerful drivers increasing retirement is 

salary. This suggests that low salary is driving retirement risk within this 

subgroup, so raising salaries might help to reduce turnover in this group. If a 

manager wanted to know which specific operators might be incentived to delay 

retirement via a raise, she could refer to the individual-level results like those in 

Table 1 above.  

Figure 6: Retirement Drivers Matrix 

Retirement Drivers 

Overall 
Workforce 

Operators Administrative Linemen IT 

Age 1.41 1.60 1.57 1.50 1.45 

Commute Distance 1.31 0.87 1.42 1.45 0.55 

Transfers 1.06 0.83 1.35 0.86 1.14 

Salary 1.04 1.40 0.85 1.42 1.01 

Raises 1.02 0.78 1.07 0.90 1.40 

Local Labor Market 0.96 1.28 0.89 1.45 1.20 

Tenure 0.95 1.43 0.97 0.89 1.31 

Unionization 0.80 0.93 1.33 1.03 0.78 

Team Size 0.76 1.38 0.82 0.79 0.85 

Promotions 0.70 1.00 1.55 0.67 0.84 

Manager Tenure 0.66 1.28 0.64 0.74 0.95 

Salary Inequality 0.59 0.88 0.89 0.57 0.92 
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In contrast to Operators, salary does not appear to drive turnover for 

Administrative employees. This suggests that increasing salaries in this group 

would not be worthwhile as a strategy to delay retirement. 

Thus, by examining the most powerful factors behind attrition and retirement in 

each employee subgroup, managers can identify potential interventions that might 

help delay retirement and reduce turnover in each. 

We believe that our analytics solution offers a valuable multi-faceted tool to help 

managers address the challenges of knowledge transfer. Our solution helps 

planners to anticipate emerging knowledge gaps with greater accuracy, implement 

strategic plans to fill these gaps, and where necessary, delay retirement while new 

employees are being trained. 


