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Abstract: This paper investigates the economic impact of an energy efficiency improvement policy on
electricity-intensive firms in Ghana. The policy imposed a penalty on these electricity-intensive firms,
which are referred to as special load tariff (SLT) customers, when their power factor was below 90%.
This paper applies the regression discontinuity design (RDD) to the panel data of these SLTs ranging
from 1994 to 2012, excluding those years characterized by energy crisis. The results show adverse
impacts of the policy on the employment and salary levels of the firms in the long run, in particular,
the small- and medium–voltage firms. The results indicate that small- and medium–voltage firms
are economically vulnerable to the penalty policy in the long run and recommend two policies to
overcome this challenge. Firstly, the penalty for power factor improvement should not be imposed
identically across firms with different voltage levels. Secondly, firms that satisfy the power factor
standard should receive subsidies to improve their competitiveness in the market.

Keywords: energy efficiency; power factor improvement; salary growth; employment; policy

1. Introduction

Humans have continued to increase their use of energy since the first industrial revolution in
1760 [1]. The increasing use of energy by human societies, however, has several negative environmental
consequences. In particular, the extraction and combustion of fossil fuels result in many environmental
problems at local, regional, and global levels. Improving energy efficiency at the industrial level is an
efficient way to minimize fossil fuel consumption, mitigating greenhouse gas emission and ensuring
energy security and sustainability [2,3].

In developing and less-developed economies, the lack of an adequate policy framework, fragile
economies, and poor energy infrastructure makes the existence of these barriers to improving energy
efficiency more pronounced [4]. Apeaning and Thollander [5] showed that energy is poorly managed
in various industries in Ghana and that there is an energy efficiency gap. Ghana’s government has
been working closely on industrial energy efficiency improvement since 1987, when they initiated an
“Industrial Energy Rationalization Program” [6]. Since then, several programs have been launched for
industrial energy efficiency improvement in Ghana [7].
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The positive impact of energy efficiency improvement on economic conditions has been observed
by several model-based analyses. For example, Ringel et al. [8] argued that green energy policies in
Germany resulted in noticeable GDP growth and new jobs. Hartwig et al. [9] showed the positive
effects on employment by energy efficiency policy in Germany by using an input–output analysis.
Henriques and Catarino [10] also concluded, by using an input–output-based model that green
investment in energy efficiency has a positive impact on employment and income. Allan et al. [11]
constructed a computable general equilibrium (CGE) model and measured the impact of energy
efficiency improvement for the UK. By using a job creation model, Wei et al. [12] estimated that by
2030, over 4 million jobs could be created by pursuing aggressive energy efficiency measures.

In contrast, Costantini et al. [13] claimed that sectoral energy efficiency gains have a negative
effect on employment growth, especially in energy-intensive industries in 15 European countries.
Lee and Min [14] is one of a few studies that analyzed at the firm level to find a negative correlation
between green R&D and the financial performance of Japanese manufacturing firms. These studies
seem to indicate a negative relationship between energy efficiency improvement and business and
economic performance.

The literature, however, is largely limited to either identifying mere correlation or deriving results
that are heavily dependent on their modeling assumptions. Additionally, the impact of energy efficiency
on economic performance has mostly been studied at an aggregate level such as country and industry
levels. In a previous study, by using farm-level data, Lotsu et al. [15] have noticed that the impact of
energy efficiency improvement policy, implemented by penalties on companies, is successful in this regard.
However, the study did not focus on the impact of the penalty-oriented energy efficiency improvement
on the economic performances of the firms. Therefore, there is a clear gap in the literature that identifies
the effect of penalty-based energy efficiency improvement on business performance using firm-level data.

This paper investigates the impact of energy-efficient power factor improvement on business
performance, measured in terms of workers’ salary and total employment by using panel data of
large-scale electricity users in Ghana. Underemployment is a critical issue in Ghana, where 80%
of the workforce is employed in the informal sector, which is characterized by underemployment.
Large-scale energy-intensive firms are the main part of formal sector employment, their decision-making
and performances are significantly important to evaluate the economic strategy for the sustainable
development of Ghana. The remainder of this paper is organized as follows. Section 2 provides a
background on the energy efficiency improvement policy in Ghana. Section 3 offers a discussion of our
data and identification strategies. Section 4 presents the results. Section 5 concludes the paper.

2. Energy Infrastructure and Policy in Ghana

Ghana achieved independence in 1957 and began setting development projects with the support
of developing partners (i.e., the World Bank). For industrialization, Ghana set several ambitious projects
to ensure a stable power supply. As a part of the Volta River Project (VRP), Ghana built the Akosombo
Dam within four years of independence, which set the foundation for the country’s industrialization [16].

Between 1983 and 1984, Ghana suffered a severe drought. This drought led to a shortfall of water
inflows to Lake Volta, where the Akosombo Dam is located, which dropped below 15% of its long-term
prospected total [17]. This shortfall hampered electricity supply, as Ghana’s only sources at the time were
the Akosombo and Kpong Hydro Electric Power Stations. Lake Volta was unable to fully recover from the
1983 drought before it was hit by another drought in 1993–1994, which again led to the curtailment of
electricity to consumers. This crisis revealed that the country’s heavily hydroelectric-power-dependent
electricity supply is vulnerable to natural disasters and lacks adequate energy security [18].

To overcome the situation, the government of Ghana decided to improve energy efficiency by
raising the power factor among electricity-intensive firms. Power factor is a measure of how efficiently
an electrical energy is converted to useful work output. It is the ratio between active power (kwh) to
the apparent power consumed by an alternating current device [19,20], where the apparent power is
the vector sum of the active and reactive power. That is,
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Power Factor (PF) =
Active Power√

(Reactive Power)2 + (Active Power)2

The active power is also called the useful power, which is the power used to produce effective work.
Reactive power is the nonworking power used for the transmission of the active power.

Power factor correction (PFC) is a technique of increasing the efficiency of a power supply. In a case
study, Olatinwo et al. [21] reported that by improving the power factor from 80% to 90%, agricultural
firms successfully save 12% of the apparent power. Considering the electricity cost of firms, PFC is an
effective energy-saving policy in Ghana, and it is evident that a steel smelting firm that introduced
PFC has reduced the firm’s annual electricity bill by 5–10% since 2001 [5]. The contribution of PFC is
important for a sustainable energy system, as well as to foster socioeconomic development.

There are three electricity tariff categories in Ghana: (i) residential customers, (ii) nonresidential
customers, and (iii) special load tariff (SLT) customers [22]. Residential consumers are primarily
domestic users, and nonresidential customers are commercial users whose energy capacity is less
than 100 kVA [17]. Electricity customers whose consumption is equal to or greater than 100 kVA are
classified as special load tariff (SLT) consumers in Ghana. SLT customers use energy for industrial
purposes with electricity loads greater than or equal to 100 kVA. According to the PFC policy, SLT
customers of Economic Campany of Ghana (ECG), whose power factor is below 90% are penalized in
proportion to the shortfall as well as the maximum electricity demand. For example, if the actual power
factor falls short of the threshold by 10%, the penalty is 10% of the electricity bill that is determined on
the basis of the maximum electricity demand of the users.

SLT customers are further classified into three groups of low-, medium-, and high-voltage classes.
The high-, medium-, and low-voltage customers are supplied electricity at 33,000, 11,000, and 415 volts
respectively. Due to the advantage from a technical point of view, electricity-intensive firms prefer to
receive at higher voltage levels. In the case of Ghana, many of the high-voltage consumers are the
mining firms and other large-scale firms.

In 1994, the Government of Ghana imposed PFC policy by penalizing firms that did not improve
energy efficiency by PFC measures [18]. The PFC policy is effective for the large-scale electricity user
industry, which might face a penalty unless they improve power factor [15]. Given the growing concern
over climate change, diminishing resources, and increased world demand for electricity consumption,
power factor correction has the potential to provide long-term social, economic, and environmental
gains to society [13].

3. Methodology

3.1. Data

This study utilized panel data from 183 Ghana SLT companies from 1994–1997 and 2012. Due to the
power crises, some large-scale electricity users in Ghana folded up either temporarily or permanently
or did not operate at their full capacities in 1998–2010 and 2012–2015. Therefore, we limited our sample
by excluding those SLT firms and the respective years of crises. As our outcome variable was a one-year
lag from 1994, the total number of valid observations was 732.

Figure 1 illustrates the power factor of firms in time t compared with time t-1. Horizontal
and vertical lines at 0.9 of the X and Y axis represent the cut-off threshold of the power factor
improvement policy. Points that fall to the right of the vertical line and above the horizontal line
represent power-efficient firms that were not subject to the penalty under the policy. From Figure 1,
we find those firms scattered along the 45 degree line did not improve their power factors from the
previous years. Those above the 45 degree line are the compliers who responded to the policy and
improved their power factor compared with that at time t-1. There are a number of firms to the left of
the vertical line who are just above the horizontal line: these are the firms who have improved their
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power factor above the penalty threshold from the previous year. In turn, those scattered below the
45 degree line are the noncomplying firms.
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Figure 1. Current and Last Year Power Factor in scatter plot.

Table 1 reports the summary statistics of our data. From the mean of power factor in each year,
we can see that the firms’ power factor had gradually improved. The dispersion of power factor
among firms also became smaller towards year 2012, where the range had shrunken from 61 to 23,
approximately 2.5 times smaller. We report our interested outcomes, the total number of employed,
average salary of all staff, the average salary of all management staff, and the average salary of
non-management staff, in logarithm form to measure the changes in terms of the growth rates rather
than the levels, given the large heterogeneity among firms. Log transformation of variables is a
common practice in applied microeconomic analyses when the linear form has a long range, such as
income and salary (see for example [23–25]).

Table 1 shows that the total number employed, average salary of all staff, the average salary of all
management staff, and the average salary of non-management staff are all having a long skewed tail,
with means being far from the max values, even after taking the log and the first difference.

Table 1. Summary statistics.

Variables N Mean Sd Min Max

Power factor 732 0.835 0.123 0.360 0.980
Power factor in year 1995 183 0.799 0.139 0.360 0.970
Power factor in year 1996 183 0.810 0.132 0.370 0.980
Power factor in year 1997 183 0.830 0.124 0.370 0.980
Power factor in year 2012 183 0.903 0.042 0.740 0.970
Indicator of power factor

improvement in time t 732 0.701 0.458

D.L. Total No. Employed 1 732 0.252 0.494 −0.608 3.287
D.L. Avg. Salary of Staff 1 732 1.115 1.597 −0.519 5.924

D.L. Avg. Salary of Mgmt Staff 1 732 1.133 1.656 −1.501 6.002
D.L. Avg. Salary of Non-mgmt Staff 1 732 1.087 1.517 −0.304 5.817

Tariff Category Dummy
Tariff Category 22 = 415 V 183 0.197 0.398

Tariff Category 42 = 11,000 V 183 0.372 0.483
Tariff Category 43 = 33,000 V 183 0.432 0.496

1 Indicates four main outcome variables in our study. D.L. indicates the first differences of log variables.

3.2. Identification Strategies

This paper aims to show the impact of PFC policy on the firm’s competency in both the short- and
long-term perspective. Our study attempts to interpret a firm’s competitiveness through its human
resource management outcomes by employing four managerial outcomes, namely, total number
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of employed, average salary of all staff, average salary of managerial staff, and average salary of
nonmanagerial staff. For the short-term perspective, we pooled the observations from 1994 to 1997
in the analysis, while for the long-term perspective, we further included the observations from 2012,
which brought our total number in the sample to 915.

We presume that the salary offered by a firm can serve as a proxy for a firm’s competitiveness
and productivity. This logical framework flows from the positive synergy attainable through energy
efficiency, which can lead to the overall improvement in firm performance, while raising their ability
to offer higher compensation to employees for retaining skilled human capital and keeping up the
excellent performance. For instance, Rayton [26] showed that top-performing firms tend to link their
employee’s remuneration more closely to a firm’s annual growth.

Apart from overall staff salary, we also tried to separately measure managerial and nonmanagerial
staff salary given our interest in outcomes to address the existence of vertical and horizontal pay
dispersion in firms [27,28]. As firms might want to control or even reduce pay for nonmanagerial
staff or nonskilled labor, it is more reasonable to distinguish managerial and nonmanagerial staff

remuneration in separate measurements to avoid plausible mixed effects.
We took first differences and one lag for all outcome variables, as the impact of the power factor

improvement would usually take time to be reflected in all of these human resource managerial
outcomes. We also conducted a robustness check by using two-period lagged outcome variables to
allow firms to have a longer time to adjust to the penalized situation after the PFC policy is in place.

Our treatment variable is a power factor improvement dummy that equals one when the firm in
the current year strictly improved its power factor from the last year, and zero otherwise. Obviously,
this treatment variable is not randomly assigned and therefore suffers from confounding. To avoid this
endogeneity, we adopted the identification strategy via a regression discontinuity design (RDD), which
constitutes a quasi-experimental setting. (In Lotsu et al. [15], the main equation outcome is the power
factor in year t, while treatment is whether or not a firm received a penalty based on power factor in
year t − 1 with the strict cut-off value (running variable) of power factor 0.895.) Fortunately, the policy
of imposing a penalty on any firm whose power factor is less than the threshold value of 0.9 provides
us with a quasi-experimental setting that can draw a causal estimation. Following the identification
strategy in Lotsu et al. [15], we also employed a cutoff value of 0.895 of power factor, as our running
variable is measured in the increment of 0.01. The policy is designed to encourage firms to improve
their power factor compared with the previous year. Therefore, unlike the previous paper that utilized
sharp RDD, this study applied a fuzzy RDD (FRD hereafter), where power factor improvement is
regarded as the treatment. The underlining identification assumptions for this FRD framework are
(i) both potential outcome and potential treatment are continuous in the power factor around the
penalty threshold and (ii) monotonicity and relevance of the PFC policy as an instrument are satisfied.

Our parameter of interest is defined as follows:

τFRD =
τY, SRD

τT, SRD
=
µY+ − µY−

µT+ − µT−
(1)

which is obtained by taking the ratio of the average treatment effect of the penalty policy on the
outcome at the threshold, τY, SRD, to that on the treatment, τT, SRD (see Calonico et al. [29]), where
the subscript SRD refers to the sharp RD estimates. In other words, this can be regarded as the
local average treatment effect (LATE) at the penalty policy threshold. The + and − signs refer to the
range of optimal bandwidth that is selected by the data. We followed the nonparametric specification
of [30] and calculated the mean squared error- (MSE)-optimal bandwidths based on the data. Note
that since the computation is based on minimizing MSE, the optimal bandwidth is different for each
outcome variable.

Since this optimal data-driven bandwidth computation method was introduced by
Calonico et al., [29,30] it has been adapted by several different studies that employed FRD. For
instance, in the political economy field, Pons and Tricaud [31] adopted the method in the French election
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to study the voters’ behavior by leveraging on the fact that 12.5% qualification threshold exists for the third
candidate to be eligible in the second-round election. In the agricultural economy field, Aung et al. [32]
applied the method to the case of farmers in Myanmar whose eligibility to receive credit depends on
whether their rice farming area is greater than 10 acres or not, to study a credit policy’s impacts on rice
production. In the health economics field, Zhang et al. [33] utilized the China’s statutory retirement ages of
60 years for men and 50 for women as the cutoff to study the causality of retirement on healthcare services
utilization. Although in different fields, the common issue among these studies lays on the existence of
compliers and noncompliers around the threshold. This necessitates the assessment of causal effect by
examine the LATE, by taking up the nonparametric FRD estimation.

In our study, we assumed that the treatment status of a firm is induced by the power factor
that is lower than 0.895, reflecting the firms’ incentive to avoid the penalty. With the existence of
noncompliers, not all firms whose power factor in the last year is lower than 0.895 improve their power
factor, or in other words, get “treated.” However, it still raises the probability of a firm being treated,
which creates discontinuity on the likelihood of treatment that allows us to measure causality.

Furthermore, we also trimmed the sample within a reasonably narrow bandwidth, above and
below the threshold value of the running variable (i.e., the power factor). By limiting the sample within
this small window of the power factor, those firms located right above and below the threshold were
nearly identical to each other as a group. These firms have by chance been cut off into two groups, one
of which is subject to the penalty while the other is not.

4. Results and Discussion

Before proceeding to our main results, we would like to illustrate our reduced-form estimation,
(i.e., the average treatment effect of the penalty policy on the outcome at the threshold, τY, SRD, as
mentioned in the numerator of Equation (1)). In Figure 2, we plot the short- and long-term outcomes
of all SLT firms for the total number employed, average salary of all staff, the average salary of all
management staff, and the average salary of non-management staff, respectively.

The shaded region shows the 95% confidence interval. Overlapping of the shaded regions in the
left and right sides of the diagram indicates no significant difference between the potential treatment
and control groups. For instance, in Figure 2, only long-term salary for all staff, management staff, and
non-management staff are significantly different. The significant difference in reduced-form estimation
for potential treatment and control groups is important, as we divide this by the average treatment
effect (ATE) of power factor correction policy on the probability of power factor improvement, in
order to obtain our FRD estimates. (Similar to Figure 2, we also plot the results of subsample analyses,
namely that for low- and medium-voltage firms separately from high-voltage firms in both short and
long term, which can be found in Appendix A).
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Figure 2. Full sample sharp regression discontinuity (RD) result of average treatment effect of the
penalty policy on the outcome at the threshold, τY, SRD. Short-term and long-term RD plots for total
employment are shown in (a,b), respectively. Similarly, RD plots for all staffs for short and long run
are represented in (c,d), accordingly. In addition, (e,f) show the short-run and long-run RD plots
of management staffs’ salary, respectively. Finally, (g,h) represent short- and long-run RD plots of
nonmanagement staffs’ salary, accordingly.

Table 2 reports the main result of our study. Our first-stage estimations were always significant,
which means that encouragement design of a penalty policy is relevant and is effectively causing firms
to improve their power factor performance, as found in Lotsu et al. [15]. Our first-stage estimators
were all negative, which shows that those firms whose power factors were just below the cutoff (i.e.,
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the penalty threshold) were more likely to be treated compared with those that were just higher than
the threshold. Our estimation in the first stage differed slightly from what had been reported in the
previous paper. This difference is mainly due to the data-driven approach to minimizing MSE; thus,
we have a different bandwidth from one model to another.

Columns (1) to (4) of Table 2 presents the short-run impacts to four outcome variables that are of
interest—neither of them showing a significant result in the short run. By including the observations
from 2012, we examined the long-run impacts, as reported in columns (5) to (8) of Table 2. The results
showed the adverse effects on firms that were slightly below the penalty threshold in the long run and
complied with the encouragement by improving their power factors. In the long run, the difference
in the employment, average salary of all staff, the average salary of all management staff, and the
average salary of non-management staff were all significant. Firms that had improved their power
factor were less able to keep their employment and offer a higher salary, due to improving their power
factor. These firms were not only less capable of paying a higher salary to non-management staff, but
were even less capable of paying a high salary to retain the human capital at the managerial level that
is crucial to a firm’s long-run operation.

In addition to this full sample analysis, we also conducted two sub-sample analyses to examine
whether there are any different impacts between high-voltage firms and low- or medium-voltage firms.
This categorization is potentially relevant as these two groups of firms are facing different tariff charges
and have different capabilities to absorb the extra expenses to improve their power factor. To describe
the energy sector dependent firms and the energy capacity in Ghana, In Appendix B, Tables A1 and A2,
we report the types of firms that considered in this analysis and the electricity capacity from different
sources respectively.

The results of the sub-sample analyses were consistent with the overall results in general. There
were no significant findings in short-term outcomes. For a long-run consequence, only low-voltage and
medium-voltage firms were found to be negatively and significantly affected by this policy, whereas
high-voltage firms’ outcomes were not affected significantly. The long-term subsample analysis result
is reported in Table 3, while the short-term subsample analysis can be found in the Appendix B,
Tables A3 and A4.

By comparing the full sample with low- and medium-voltage firms’ subsample analysis in the long
run, we can see that the negative coefficient had increased for all three salary indicators: average salary
of all staff, the average salary of all management staff, and the average salary of non-management staff.
The increase in the negative coefficient for the growth rate of average salary of management staff was
the highest. Even though it carries less significance, from the high-voltage subsample analysis results
we can consistently see the adverse impacts on low- and medium-voltage firms were twice as large
as that on high-voltage firms when we compare columns (2) to (4) with columns (6) to (8) of Table 3.
In particular, impacts on the growth rates of average management staff salary among low-voltage and
medium-voltage firms were nearly three times (2.9 times) as large as the impacts on high-voltage firms.
In our analysis, the negative impact on the growth rate of total number of employed was not significant
in the short run. Our findings highlight the adverse effect of Ghana’s PFC policy on the competitiveness
of electricity-intensive firms in the long run, especially for low-voltage and medium-voltage SLT firms.
These results suggest that they are now no longer being able to offer better remuneration to retain or
hire valuable human capital.

We also conducted an analysis by allowing two years lagged outcomes as a robustness check.
The findings are robust and consistent with our main results. No impacts were found on short-term
outcomes, and impacts on all three payroll-related variables in the long term were significantly negative
for treated firms, ranging from −3.09% to −3.39%. These results, obtained even when we allowed for
longer adjustment times for firms, indicate negative impacts were persistent and slightly reduced in
the coefficient impacts. These robustness check results for the full sample are reported in Table 4 and
for subsample analysis can be found in Appendix B, Tables A4 and A5.
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Table 2. Full sample result.

Full Sample

Short-Term Outcomes Long-Term Outcomes

(1) (2) (3) (4) (5) (6) (7) (8)

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

RD Estimate −0.006 −0.016 −0.306 0.129 −1.077 ** −3.864 *** −4.409 *** −3.410 ***
Conventional

Std. Err. 0.174 0.143 0.339 0.117 0.456 1.337 1.519 1.214

Conventional
95% CI [−0.348; 0.335] [−0.297; 0.265] [−0.970; 0.359] [−0.099; 0.358] [−1.971; −0.183] [−6.483; −1.244] [−7.386; −1.432] [−5.789; −1.030]

First Stage Est. −0.477 *** −0.515 *** −0.494 *** −0.492 *** −0.455 *** −0.455 *** −0.455 *** −0.455 ***
First Stage Std.

Err. 0.093 0.101 0.096 0.096 0.104 0.104 0.104 0.104

Bandwidth 0.043 0.030 0.037 0.037 0.019 0.024 0.025 0.025

N. Obs. 549 549 549 549 732 732 732 732
N. Obs. above

the cut off
183 183 183 183 278 278 278 278

N. Obs. below
the cut off

366 366 366 366 454 454 454 454

Effective N. obs.
above the cut off

147 120 147 147 116 116 116 116

Effective N. obs.
below the cut off

52 44 52 52 32 32 32 32

Notes: All outcomes are in logarithmic scales with first difference and a lag. We report the conventional standard error. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 3. Subsample analysis in long-term outcomes for special load tariff (SLT) low- and medium-voltage firms and high-voltage firms.

Subsample Analysis in Long-Term Outcomes

SLT—Low and Medium Voltage SLT—High Voltage

(1) (2) (3) (4) (5) (6) (7) (8)

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

RD Estimate −1.073 −4.280 ** −5.157 ** −3.604 ** −0.527 −2.052 * −2.164 * −1.872 *
Conventional

Std. Err. 0.600 2.088 2.486 1.834 0.599 1.081 1.129 1.009

Conventional
95% CI [−2.249; 0.103] [−8.372; −0.187] [−10.030;

−0.284] [−7.198; −0.010] [−1.701; 0.648] [−4.172; 0.067] [−4.377; 0.049] [−3.849; 0.105]

First Stage Est. −0.322 *** −0.384 *** −0.384 *** −0.384 *** −0.569 *** −0.568 *** −0.564 *** −0.579***
First Stage Std.

Err. 0.105 0.138 0.138 0.138 0.130 0.126 0.124 0.130

Bandwidth 0.030 0.019 0.019 0.020 0.028 0.036 0.036 0.035

N. Obs. 416 416 416 416 316 316 316 316
N. Obs. above

the cut off
153 153 153 153 125 125 125 125

N. Obs. below
the cut off

263 263 263 263 191 191 191 191

Effective N. obs.
above the cut off

105 68 68 68 77 99 99 99

Effective N. obs.
below the cut off

32 20 20 20 20 24 24 24

Notes: All outcomes are in logarithmic scales with first difference and a log. We report the conventional standard error. *** p < 0.01, ** p < 0.05, * p < 0.1. We only show the long-term
outcomes for both subsample analyses in this table, please refer to the annex for the short-term outcomes.
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Table 4. Full sample analysis with two-lag outcomes.

Full Sample

Short-Term Outcomes Long-Term Outcomes

(1) (2) (3) (4) (5) (6) (7) (8)

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

RD Estimate −0.020 −0.210 −0.225 −0.163 −0.506 −3.262 *** −3.394 *** −3.087 ***
Conventional

Std. Err. 0.175 0.131 0.140 0.128 0.393 1.239 1.289 1.170

Conventional
95% CI [−0.363; 0.324] [−0.467; 0.048] [−0.499; 0.050] [−0.413; 0.087] [−1.277; 0.264] [−5.691; −0.833] [−5.921; −0.867] [−5.381; −0.793]

First Stage Est. −0.586 *** −0.599 *** −0.602 *** −0.575 *** −0.437 *** −0.436 *** −0.436 *** −0.436 ***
First Stage Std.

Err. 0.112 0.113 0.112 0.111 0.097 0.097 0.097 0.097

Bandwidth 0.037 0.032 0.030 0.043 0.041 0.042 0.042 0.042

N. Obs. 366 366 366 366 549 549 549 549
N. Obs. above

the cut off
155 155 155 155 250 250 250 250

N. Obs. below
the cut off

211 211 211 211 299 299 299 299

Effective N. obs.
above the cut off

128 104 104 128 203 203 203 203

Effective N. obs.
below the cut off

25 23 23 25 35 35 35 35

Notes: All outcomes are in logarithmic scales with first difference and a log. We report the conventional standard error. *** p < 0.01, ** p < 0.05, * p < 0.1.
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5. Conclusions and Policy Implications

This paper investigated whether the energy efficiency improvement that was induced by a power
factor correction policy implemented by Ghana’s government in 1995 has had a long-run impact on
the salary levels of low-voltage and medium-voltage companies. The high-voltage companies have
been able to adapt to the penalty policy without reducing employees’ compensation. This policy does
not have an impact on the employment level of firms.

Generally, a higher power factor results in lower energy-related costs to users, allowing businesses
to become competitive. However, the necessary investment in capacitor banks places a financial burden
on users. Which of these two offsetting effects dominates is a highly empirical question. Our results
showed negative long-run impacts on these business performance measures in 2012, especially for
those firms that were relatively efficient when the policy was announced in 1994.

Ghana is facing continuously increasing demand for electricity due to its growing economy. The
PFC policy has successfully contributed to ensuring electricity-use performance. However, the policy
needs some incentives to ensure the economic performance of low-voltage and medium-voltage firms
that are less able to absorb the policy-induced penalty shocks than large-voltage firms.

The energy efficiency policy to increase the power factor over 90% in Ghana requires modification
or improvement. We recommend two policies to overcome this challenge. Firstly, the penalty for power
factor improvement should not be imposed identically on lower- and higher-voltage firms. Secondly,
firms that satisfy the power factor standard should receive subsidies to improve their competitiveness
in the market.

We believe that this energy efficiency policy in Ghana requires more rigorous empirical research
to identify the optimal solution given that the policy is directly related to countries economic growth.
Future research should focus on renewable energy infrastructure to ensure a green energy policy. There
is a clear trend of the thermal share exceeding the hydroelectricity share of the electricity generation
in Ghana in recent years. This would cause environmental damages in the long run and impose
challenges to achieve sustainable development goals.
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Appendix B

Table A1. Types of firms according to voltage capacity and production.

Firm Type
Special Load Tariff (SLT) Customers

Low Voltage Medium Voltage High Voltage

Industries 10 29 21
Manufacturing 15 13 15

Mining 4 6 13
Food storage 3 12 20

Construction services 8 5 9

Total 40 65 78

Table A2. Electricity capacity, production, and consumption in Ghana from 1990 to 2017.

Years Average Annual Growth Rate (%)

1990 2000 2005 2010 2017 2000 to 2017

Capacity of electrical plants (GWe)

Thermal 0.00 0.47 0.55 0.99 2.8 11
Hydro 1.07 0.95 1.18 1.18 1.58 3
Total 1.07 1.42 1.73 2.14 4.4 6.9

Electricity production (TWh)

Thermal 0.01 0.61 1.16 3.14 8.42 16.7
Hydro 5.72 6.61 5.63 7 5.62 0.6
Total 5.73 7.22 6.79 10.14 14.07 4

electricity consumption (TWh)

Total 4.62 6.92 5.92 7.73 12.09 3.0

Source: Volta River Authority, Ghana Energy Statistical Bulletin—2011, National Energy Statistics 2008 to 2017.
Notes: Gigawatt electrical (GWe), Terawatt-hour (TWh), Capacities are recorded as gross.
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Table A3. Subsample analysis in short-term outcomes for SLT low- and medium-voltage firms and high-voltage firms.

Subsample Analysis in Short-Term Outcomes

SLT—Low and Medium Voltage SLT—High Voltage

(1) (2) (3) (4) (5) (6) (7) (8)

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-Management

Staff

RD Estimate −0.064 −0.139 −0.557 0.159 0.032 0.019 0.024 0.019
Conventional Std.

Err. 0.199 0.273 0.592 0.180 0.340 0.111 0.105 0.130

Conventional 95% CI [−0.454; 0.327] [−0.673; 0.395] [−1.717; 0.603] [−0.194; 0.512] [−0.636; 0.699] [−0.199; 0.238] [−0.182; 0.230] [−0.235; 0.273]
First Stage Est. −0.306 *** −0.317 *** −0.319 *** −0.313 *** −0.678 *** −0.687 *** −0.687 *** −0.686 ***

First Stage Std. Err. 0.116 0.118 0.111 0.112 0.130 0.126 0.126 0.128
Bandwidth 0.051 0.047 0.063 0.060 0.046 0.058 0.059 0.056

N. Obs. 312 312 312 312 237 237 237 237
N. Obs. above the cutoff 100 100 100 100 83 83 83 83

N. Obs. below
the cutoff 212 212 212 212 154 154 154 154

Effective N. obs. above
the cutoff 86 86 93 93 71 75 75 75

Effective N. obs. below
the cutoff 39 39 45 45 27 32 32 32

Notes: We report the conventional standard error. All outcomes are in logarithmic scales with first difference and a log. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A4. Subsample analysis with short-term two-lag outcomes for SLT low- and medium-voltage firms and high-voltage firms.

Subsample Analysis in Short-Term 2-Lags Outcomes

SLT—Low and Medium Voltage SLT— High Voltage

(1) (2) (3) (4) (5) (6) (7) (8)

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-management

Staff

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-management

Staff

RD Estimate −0.391 −0.351 −0.468 * −0.238 0.197 −0.058 −0.028 −0.091
Conventional Std.

Err. 0.297 0.234 0.277 0.208 0.188 0.131 0.123 0.150

Conventional 95% CI [−0.973; 0.190] [−0.810; 0.107] [−1.010; 0.075] [−0.647; 0.171] [−0.171; 0.564] [−0.314; 0.200] [−0.268; 0.213] [−0.386; 0.203]
First Stage Est. −0.405 *** −0.402 *** −0.403 *** −0.403 *** −0.805 *** −0.799 *** −0.801 *** −0.797 ***

First Stage Std. Err. 0.152 0.153 0.152 0.153 0.137 0.139 0.137 0.139
Bandwidth 0.050 0.053 0.052 0.052 0.055 0.063 0.059 0.066

N. Obs. 208 208 208 208 158 158 158 158
N. Obs. above the cutoff 84 84 84 84 71 71 71 71

N. Obs. below
the cutoff 124 124 124 124 87 87 87 87

Effective N. obs. above
the cutoff 72 72 72 72 64 64 64 67

Effective N. obs. below
the cutoff 16 16 16 16 17 17 17 19

Notes: We report the conventional standard error. All outcomes are in logarithmic scales with first difference and a log. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A5. Subsample analysis with long-term 2-lag outcomes for SLT low- and medium-voltage firms and high-voltage firms.

Subsample Analysis in Long-Term 2-Lags Outcomes

SLT—Low and Medium Voltage SLT—High Voltage

(1) (2) (3) (4) (5) (6) (7) (8)

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-management

Staff

Total Number
Employed

Avg. Salary of
Staff

Avg. Salary of
Management

Staff

Avg. Salary of
Non-management

Staff

RD Estimate −0.093 −5.197 ** −5.526 ** −4.712 ** 2.281 * −2.283 −2.350 −2.172
Conventional Std.

Err. 2.024 2.597 2.748 2.379 1.361 1.638 1.674 1.595

Conventional 95% CI [−4.059; 3.874] [−10.286;
−0.107]

[−10.913;
−0.139] [−9.375; −0.050] [−0.386; 4.948] [−5.494; 0.928] [ -5.630; 0.931] [−5.298; 0.954]

First Stage Est. −0.341 ** −0.389 ** −0.389 ** −0.389 ** −0.576 *** −0.582 *** −0.581 *** −0.581 ***
First Stage Std. Err. 0.141 0.156 0.156 0.156 0.112 0.122 0.121 0.121

Bandwidth 0.044 0.024 0.024 0.025 0.048 0.043 0.044 0.044

N. Obs. 312 312 312 312 237 237 237 237
N. Obs. above the cutoff 137 137 137 137 113 113 113 113

N. Obs. below
the cutoff 175 175 175 175 124 124 124 124

Effective N. obs. above
the cutoff 112 59 59 59 98 91 91 91

Effective N. obs. below
the cutoff 20 12 12 12 21 15 15 15

Notes: We report the conventional standard error. All outcomes are in logarithmic scales with first difference and a log. *** p < 0.01, ** p < 0.05, * p < 0.1.
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