
Estimation of Missing IRRs for PE funds  

using Knowledge Graph Embeddings  

Mitsubishi UFJ Trust Investment Technology Institute Co., Ltd. (MTEC)1 

1. Introduction 

In recent years, investments in private equity (PE), which means non-public stocks, have 

become active through funds. In this context, it is important to evaluate the performance 

of these investments by assessing the returns of non-public stocks in relation to public 

stocks. Generally, non-public stocks are considered to have a liquidity premium because 

there is no market and it is difficult to withdraw investments quickly. For example, studies 

[1] and [2] show that non-public stocks have provided excess returns compared to public 

stocks over the long term. 

The Internal Rate of Return (IRR) is one of the key indicators for evaluating the 

performance of PE. It is common to use the median IRR of a specific category as a 

benchmark for PE funds. A problem that arises in this context is the validity of the basic 

statistics of the IRR. For example, while the median is robust against outliers, it is not 

always robust against missing values. Information on the performance of funds related to 

PE is not always required to be disclosed, and for some funds, IRR is missing. In this case, 

if the missing data is considered Missing Completely at Random (MCAR), meaning it is 

completely random, then the median IRR can be seen as unbiased and valid statistic. 

However, if the missing data is Missing at Random (MAR) or Missing Not at Random 
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(MNAR), calculating the median IRR using only the observed IRRs of PE funds may 

introduce bias. If we use the median IRR to compare extra returns (called the liquidity 

premium) with public stocks, the results may be biased. This means we might not get a 

correct picture of how PE is really performing. 

If we assume that there is bias in the basic statistics of the IRR, it is necessary to fill 

in the missing IRRs using some method to correct the bias. Generally, an approach is 

taken to build a model that estimates the IRR from some explanatory variables, often 

using techniques like multiple imputation. However, many PE funds with missing IRRs 

also do not disclose other information, making it difficult to estimate the IRR using a 

model that requires sufficient explanatory variables, as seen in multiple imputation 

methods. 

In this study, we propose a method to estimate the missing IRRs using knowledge 

graph embedding (KGE). Specifically, we consider the attribute information of each PE 

fund as relations and embed them into a multidimensional vector space and calculate the 

similarity between funds. Based on this similarity, we use the IRR values of the nearest K 

funds to estimate the missing IRR values. For PE funds with missing IRRs, using the 

estimated IRR values from KGE aims to correct the bias in the median IRR for each 

attribute category. 

2. Data Overview 

In this study, we use data from FactSet's [pevc_v1. pevc_fund_perform] for the date 

2024-03-31. We limit the PE funds to those with a status of “Divesting” or “Investing.” 

The total number of available PE funds is 2,876, but we focus on groups with five or more 

funds when grouped by Fund type, Geography and Vintage. As a result, we can use 2,682 

PE funds data available. The number of funds in each attribute category (Fund type, 

Geography) is shown in Figure 1-1. 



Figure 1-1: Number of Funds that Exist Based on Fund type 

 

 

Figure 1-2: Number of Funds by Region 

 
 

Furthermore, Figure 1-2 shows the number of funds for each group of Fund type 

and Geography. From Figure 2, we can see that there are relatively many funds with the 

Geography of North America, especially in the Fund type of Buyout, Venture Capital and 

Real Estate. 



Figure 2: Number of Funds by Fund type 

 

3. Calculate Knowledge Graph Embedding 

In this section, we explain how to construct a knowledge graph and KGE. The knowledge 

graph consists of triples called (head, relation, tail). In this study, we create triples by 

obtaining attribute information of PE funds from FactSet data. We use the fund name as 

the head, the attribute as the relation, and the attribute label of the PE fund as the tail. 

For example, if the Fund type of a PE fund "X" is buyout, the triple will be (X, Fund type, 

buyout). A list of the attribute information used is shown in Table 1. 

Table 1: Pairs of Columns used in Constructing the Knowledge Graph 

Information PE funds Data source (FactSet table name) 

Fund type Pevc_v1. PEVC_BENCHMARK_PERFORM 

Geography Pevc_v1. PEVC_BENCHMARK_PERFORM 

Vintage Pevc_v1. PEVC_FUND_PERFORM 

General partner (GP) Pevc_v1. PEVC_FUND_PERFORM 

Currency Pevc_v1. PEVC_FUND 

Limited partner (LP) Pevc_v1. PEVC_LP_FUNDRAISING 

IRR quantile Pevc_v1. PEVC_FUND_PERFORM 

Country Pevc_v1. PEVC_STRAT_ISO_COUNTRY 

Strategy Pevc_v1. PEVC_STRAT_FUND 

Sector Pevc_v1. PEVC_STRAT_SECTOR 

KGE is a method that embeds a knowledge graph into a multi-dimensional vector 

space such as numerical vectors. KGE allows us to think of PE funds as multi-dimensional 

vectors, making it possible to calculate the similarity between funds quantitatively. In this 

Asia - Developed Asia - Emerging Europe - Western Global North America

Buyout 6 55 148 83 571

Co-Investment - - - 13 16

Credit - - 28 64 199

Fund of Funds - 11 5 43 87

Growth Equity - 35 8 33 124

Infrastructure - - 11 45 47

Natural Resources - - - 42 91

Real Estate - 25 39 42 301

Secondaries - - - 46 21

Venture Capital - 24 6 59 354



study, we use the simple method called TransE. The calculation method of TransE and 

other KGE methods are explained in [3]. The embedding representations are calculated 

using Pykeen [4].  

The embedding representations are plotted in two dimensions using Principal 

Component Analysis, as shown in Figure 3. By using the information from the first two 

principal components, we can see that the differences in Fund types are somewhat 

represented. 

Figure 3: Principal Components of Knowledge Graph Embedding 

 

4. Estimation of missing IRR 

First, we conduct a preliminary experiment to check if KGE can estimate IRR values. 

Specifically, we estimate the IRR for PE funds with non-missing IRR values and evaluate 

the errors. We obtain the K-nearest funds in KGE and use the average, median and 

inverse distance weighted average of their IRRs as candidates for the estimated IRR. For 

the benchmark method, we consider the average or median IRR of the groups based on 

Fund type, Geography and Vintage to which the fund belongs. However, we exclude the 

IRR of the fund being estimated when calculating the group's average or median IRR. 

The method of using the median of this group can be understood statistically as an 

estimation method that assumes MCAR, as the recalculated median of the group's IRR 

will also be the same value. We use Mean Squared Error (MSE) as the evaluation metric 

for accuracy. The results are shown in Table 2. We observe that the estimates are more 



accurate than those from the benchmark method when K is large. One reason for the 

good estimation accuracy may be the inclusion of IRR quartiles (PEVC_QUARTILE) in 

the knowledge graph triples. This allows PE funds with good performance to be closer in 

some dimensions, potentially making effective use of detailed information about the IRR 

levels that are not reflected in the benchmark method. In practice, while PE funds with 

missing IRR do not consider IRR quartile information, our proposed method can 

calculate similarity in the same space as PE funds that do consider IRR quartiles. This 

allows for a data-driven reflection of the IRR levels that substitute for specific attribute 

categories. 

Table 2: Mean Squared Error of the IRR Estimates 

 Median Average Weighted Ave 

BM 19.94 20.22 - 

K=1 22.90 22.90 22.90 

K=3 19.02 19.57 19.54 

K=5 18.40 18.68 18.67 

K=7 18.40 18.31 18.31 

K=10 18.34 18.20 18.18 

Next, we confirm the results of the imputation for the funds with missing IRR values. 

First, we check the missing rate for each group based on Fund type and Geography, as 

shown in Table 3. The differences in missing rates among the groups suggest that the 

occurrence of missing data is not MCAR. Therefore, it is possible that there is a bias in 

the basic statistics of the IRR. 

Table 3: IRR Missing Rate by Fund type and Region 

 

 

Asia - Developed Asia - Emerging Europe - Western Global North America

Buyout 50.0% 12.7% 16.9% 15.7% 9.6%

Co-Investment - - - 53.8% 25.0%

Credit - - 14.3% 18.8% 13.6%

Fund of Funds - 45.5% 20.0% 37.2% 31.0%

Growth Equity - 37.1% 12.5% 21.2% 10.5%

Infrastructure - - 63.6% 26.7% 19.1%

Natural Resources - - - 4.8% 4.4%

Real Estate - 20.0% 7.7% 14.3% 13.0%

Secondaries - - - 13.0% 9.5%

Venture Capital - 25.0% 33.3% 16.9% 24.0%



Figure 4 shows the comparison of the median IRR for each group based on Fund 

type and Geography before and after the imputation of missing values. The horizontal 

axis represents the median calculated using only the non-missing IRR, while the vertical 

axis represents the median IRR calculated including the estimated values. The 

deviation from the diagonal line can be considered as bias. 

Figure 4: Comparison of Median IRR Before and After Using Estimated Values 

 

Some groups may deviate from the values before imputation. This adjustment only 

considers the relationships assumed by KGE, and it is important to note that we cannot 

be certain whether the estimated values accurately reflect the IRR. For example, 

expanding the relationship data and using a more expressive KGE model may help obtain 

more useful embedding representations and make more valid estimates. However, it is 

difficult to evaluate the validity of these estimates for the unobserved IRR. Additionally, 

it should be noted that the learning process will require computational resources and 

time depending on the KGE methods and the amount of data used. 

5. Conclusion 

This study proposes a method to fill in missing IRR values using KGE and uses data from 

FactSet. The results suggest that there may be bias when calculating the median IRR for 

each category. However, while the proposed method is a good idea given the constraints 

of the PE fund dataset, it is not clear whether it meets good statistical properties, and we 

cannot guarantee that it provides accurate estimates. Additionally, it is difficult to assess 

the validity of the missing IRR values. Therefore, to evaluate the performance of PE 



correctly, it is important to promote active information disclosure. We hope that this 

study will be an opportunity to advance information disclosure and reduce the 

asymmetry of information about PE funds for investors. 
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