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Abstract 

The labor sector is a significant contributor to economic growth in the Philippines. 

Thus, accurate and timely data is necessary for monitoring labor conditions, such as 

the unemployment rate, and formulating policies. However, official labor statistics are 

published quarterly with a one-month lag.  

In this paper, I leverage big data, i.e., online jobs data, and machine learning (ML) 

to address the data lag and generate a labor tightness ratio. Linear Regression, Long-

Short Term Memory-Artificial Neural Network (LSTM-ANN), and Dynamic Factor 

Model (DFM) were used to develop a nowcasting model for the unemployment rate. 

Based on the results, the deep learning ML models performed better than the 

results of the traditional model, i.e., DFM and LSTM-ANN are better in terms of Root 

Mean Square Error (RMSE) than Linear Regression, in predicting the unemployment 

rate one month before the release of the actual unemployment rate. Further, the 

generated high-frequency labor tightness ratios may be used to gauge labor market 

tightness or slack and use these as inputs to models and in decision-making. 

As such, nowcasting models based on these methods may prove to be beneficial 

to central banks and other government agencies when monitoring labor market 

developments and formulating economic policies for the country.  
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1. Introduction 

Background 

Monetary Policy is a tool of central banks in controlling money supply and interest 

rates in the economy. The policy is used in managing inflation, employment, 

spending, investments, and production. For instance, an expansionary monetary 

policy decreases unemployment as higher supply and attractive interest rates 

stimulate business activities and expand the job market. As stated in the mandate of 

the BSP, the primary objective of the BSP’s monetary policy is to maintain price 

stability that is conducive to a balanced and sustainable growth of the economy and 

employment. 

The unemployment rate is a vital component and input to monetary policy 

models. In the case of the Bangko Sentral ng Pilipinas (BSP), the models are useful in 

evaluating the cyclical position and measuring the slack in the economy to implement 

informed monetary policies and manage inflationary pressures.  

 The Labor Force Survey (LFS) is a nationwide survey conducted monthly and 

published quarterly by the Philippines Statistics Authority (PSA) to gather data on 

demographic and socio-economic characteristics of the population and generate key 

labor statistics such as the Labor Force Participation Rate and Unemployment Rate. 

The unemployment rate is the proportion of the labor force that is unemployed or 

currently not working. In February 2021, the PSA shifted from quarterly publication to 

monthly publication. However, there is still a publication lag since the monthly results 

are published two months after the reference month, e.g., December 2022 results are 

published in February 2023. Aside from the publication lags mentioned, there is also 

an overcast labor market, which means there is an inaccurate or mismatch in skills 

and the quality of jobs available. 

 Moreover, a slack in the economy happens when there is insufficient demand 

compared to the economy’s potential output. As the cost of labor increases, the 

companies also increase the prices of goods and services which leads to higher costs 

for consumers, pushing the inflation cycle. Monitoring the amount of slack in the 

labor market provides information on the current and future inflationary pressure in 

the economy. Thus, the BSP needs to monitor the labor market and measure the slack 

in the economy for better and informed monetary policy.  

 As labor is a major contributor to growth in the Philippines, timely data and 

proper assessment of the labor market are critical factors to improve the quality of 

the labor force to be more productive and responsive to the development and growth 

of the economy. 

Objectives 

The LMIS leverages machine learning models to address publication lags of official 

employment indicators and provide in-depth surveillance of the labor market. This 

study uses online job posting data to develop a nowcasting model for the 

unemployment rate and generate a labor market tightness ratio. In addition, this 

study aims to answer the following questions: 
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• Can the use of online job portal data in Nowcasting 

Models accurately predict the Unemployment Rate? 

• Can the Labor Market Tightness Ratio determine slack in 

the Labor Market? 

• Can it supplement the BSP Models? 

 

Significance and Relevance of the Study 

The importance of timely information was evident at the onset of the COVID-19 

pandemic in 2020 when it hit the global economy with unprecedented intensity and 

unpredictable magnitude (Dauphin et al. 2022). This kind of economic disruption 

urges policymakers to stay ahead of the curve and put policy interventions in place 

to alleviate further impact on the economy. The shift to more frequent data collection 

signifies the importance of timely data for monitoring economic conditions, especially 

in times of crisis. As such, timely indicators are critical factors for policy formulation.  

2. Data 

I used granular and high-frequency data (i.e., weekly), from January 2020 to May 2024, 

on job vacancies in the country from Jobstreet.com, the world’s largest online 

employment marketplace by market capitalization.2 For the nowcasting models, I 

used other official employment statistics and leading economic indicators (e.g., Gross 

Domestic Product) from the LFS and National Accounts of the Philippines (NAP), 

respectively. 

 

Online Job Posting Data 

Data Dictionary                                                                                Table 1 

Variables Description 

Position Title job title of the advertisement 

Views unique number of clicks in the job 

advertisement link per account 

Company Name employer name 

Max Monthly Salary 

Offer 

maximum basic monthly salary offers by the 

employers 

Posted Date job advertisement posting date 

Ad Expiration Date job advertisement expiration date 

Employment Type type of employment (i.e., full-time, part-time, 

or contractual) 

 

2 Jobstreet.com is a subsidiary of SEEK Limited, an Australian Stock Exchange company. Jobstreet website: 

https://www.jobstreet.com.ph/about 
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Work Location location by region 

Industry industry (e.g., banking or retail) 

Specialization Name job experience of the job seeker (e.g., 

customer service or health care) 

Position Description job experience requirement (i.e., middle 

management or no working experience) 

Years of Experience years of experience needed for the job 

position 

Qualification Name educational attainment (e.g., bachelor's 

degree, master's degree) 

Data Understanding 

As shown in Figure 1, the majority of employers are looking for applicants with a 

specialization in (1) Call Centre &  Customer Service, (2) Information & 

Communication Technology, (3)  Administration & Office Support, (4) Accounting,  

and (5) Manufacturing, Transport, & Logistics. This is important in monitoring the 

labor market as it gives information on the in-demand or needed skills of companies 

or employers in the Philippines. 

 

Labor Demand by Industry 

Based on specialization/experience needed by employers                                   Figure 1 

 
 

On the other hand, it is also interesting to know what jobs people are exploring 

during the pandemic. 
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As discussed in Figure 1, most jobs available are for people with expertise in call 

centre/customer service and information technology. As described in Figure 2, except 

for call centre/customer service, the job seekers are looking for other industries (i.e., 

retail/merchandise and banking/financial services instead of information technology). 

This identifies mismatches in the labor market. 

 

Labor Supply by Industry 
Based on job seekers’ preference                                                                                               Figure 2 

 

3. Methodology 

3.1 Data Collection and Processing 

To construct a cross-panel dataset, the original data from Jobstreet was combined 

with other independent variables like the GDP Rate, Inflation Rate, Consumer Price 

Index, and Gross Value Added (GVA). The target variable is the Unemployment Rate. 

The variables were transformed into logarithm values.3  

Cross-Panel Dataset 

Nowcasting Models                                                                           Table 2 

Variables Description 

date job advertisement posting date 

unemp_rate Unemployment Rate (at constant 2018 

Prices) 

oj_ldp Online Job Advertisements (month-on-month) 

% 

 

3 Augmented Dickey-Fuller (ADF) was used to test stationarity before transformation and running the 

models. 
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views_p Online Job Views per job seeker (month-on-

month) % 

gdp Gross Domestic Product (GDP) 

gdp_hfce_p Household Final Consumption Expenditure 

(HFCE)  (at constant 2018 Prices) % 

gdp_gfce_p Government Final Consumption Expenditure 

(GFCE) (at constant 2018 Prices) % 

gdp_gcf_p Gross Capital Formation (at constant 2018 

Prices) % 

gdp_exp_p Exports of Goods and Services (at constant 

2018 Prices) % 

gdp_imp_p Imports of Goods and Services (at constant 

2018 Prices) % 

gdp_agr_p GDP Agriculture (at constant 2018 Prices) % 

gdp_ind_p GDP Industry (at constant 2018 Prices) % 

gdp_serv_p GDP Services (at constant 2018 Prices) % 

cpi Consumer Price Index 

inf_rate Inflation Rate 

lp_rate Labor Force Participation Rate 

gvaaff_r Gross Value Added (GVA) in Agriculture, 

Forestry, and Fishing  (at constant 2018 

Prices) % 

gvamanu_r GVA in Manufacturing  (at constant 2018 

Prices) % 

gvacons_r GVA in Construction (at constant 2018 

Prices) % 

gvaretail_r GVA in Retail Trade (at constant 2018 Prices) 

% 

3.2 Evaluation Metrics 

In the study, the Labor Market Tightness ratio is computed as the number of online 

job vacancies / Number of Active Job seekers (i.e., unique views per account per job 

ad) = Labor Demand / Labor Supply. Thus, when the tightness ratio is equal to 1, it 

can be said that the labor market is in equilibrium. 

In addition, the best nowcasting model will be selected based on the Root Mean 

Square Error (RMSE), with the lowest magnitude of error for a better fit. A model with 

a low RMSE explains how accurately the model predicts the Unemployment Rate and 

amount of deviation from the official values using a combination of big data and 

official economic indicators. 

Further, the acceptable baseline or deviation of predicted values from the official 

values of the Unemployment Rate will be based on the tolerance interval of ±1 

percentage point. The tolerance level was derived from the Inflation Targeting 

Framework of the BSP. The point target of ±1 as a tolerance interval allows the BSP 
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to effectively widen its target band and provide flexibility.4 However, the tolerance 

level is also subject to other economic factors and assumptions. 

3.3 Labor Market Tightness Ratio 

One of the highlights of the LMIS is the generation of a Labor Market Tightness Ratio. 

Following the frameworks of Matsuda et al. (2019) and Ghayad et al. (2022), the Labor 

Market Tightness Ratio is computed as the number of job vacancies available per 

active job seeker on a job portal.5,6,7 As such, when the tightness ratio is equal to 1, it 

can be said that the labor market is in equilibrium (i.e., there is one job 

opening/vacancy for every unemployed individual who is looking for a job). 

A low tightness ratio indicates that labor supply is relatively higher than labor 

demand, signaling a slack in the labor market or a higher unemployment rate. On the 

other hand, when there is no slack (i.e., labor demand is greater than labor supply), 

wages tend to increase as employers or companies boost wages to retain workers 

and attract new ones. Subsequently, as the cost of labor increases, employers may 

also raise the prices of goods or services. Hence, unemployment is necessary to keep 

prices stable. A bit of slack in the labor market keeps inflation at bay. 

3.4 Nowcasting: Unemployment Rate 

The Nowcasting Models of the Unemployment Rate used Linear Regression (i.e., 

baseline model), LSTM-ANN, and DFM. The analytical frameworks of Hopp (2021) and 

Dauphin et al (2022) will be the basis of the LSTM-ANN and DFM models. 

3.4.1 Linear Regression 

Linear Regression, a Supervised ML model, is a statistical method used to model the 

relationship between independent variables (i.e., predictors) and dependent variables 

(i.e., response). In a Multiple Regression model, Ordinary Least Squares (OLS) are 

utilized to estimate parameters and find the best-fit line that minimizes the sum of 

squared differences between observed and predicted values from the linear 

regression model. Linear Regression is widely used in forecasting macroeconomic 

variables. However, a linear regression model can underfit or overfit, depending on 

the number of predictors. To address this issue, a Regularization method is used such 

as LASSO (L1) and Ridge (L2) Regression. Regularization is a shrinkage method that 

imposes a penalty on the aggregation of coefficient values instead of the number of 

predictors. Coefficient with a high standard of error tends to manifest by highly 

 

4 Department of Economic Research, Primer on Inflation Targeting, Retrieved from the BSP Website: 

https://www.bsp.gov.ph/Pages/PriceStability/InflationTargetting.aspx, 2019, p. 9. 

5 Nomura, I., Imaizumi, S., Areias, A., and Yamauchi, F. The Potential for Using Online-Job Portal Big Data 

to Inform Labor Market Policies in India. World Bank Group, 2017 

6 Ghayad, R., Shan C., and Huang, Y. The U.S Labor Market is Less Tight Than It Appears. Harvard Business 

Review, 2022, Retrieved 01 June 2023, from https://hbr.org/2022/11/the-u- s-labor-market-is-less-

tight-than-it-appears 

7 Number of online job vacancies / Number of Active Job seekers (i.e., unique views per job ad) = Labor 

Demand / Labor Supply 
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correlated predictors. LASSO (L1) is based on the sum of absolute values, which can 

set coefficients of less important features to zero. In Ridge (L2) regression, the penalty 

is based on the sum of squared coefficients. Ridge (L2) drives coefficients close to 

zero but not exactly to zero. In comparison, LASSO (L1) reduces the variance in models 

that contain useless variables, while Ridge (L2) is useful in handling multicollinearity 

and reduces the impact of highly correlated predictors. 

3.4.2 Long Short-Term Memory-Artificial Neural Network (LSTM-ANN) 

In the LSTM-ANN, a deep learning model, I utilized the library developed by Hopp 

(2021) in Python using PyTorch. 

LSTM network8 
                                                                                                          Figure 3 

 

Where: 

x = input from the previous layer to the hidden node 

s = state of the hidden node 

o = output of the hidden node 

u = weight between the input layer and the hidden layer 

w = weight between the previous hidden state of the node and the current state 

v = weight between the hidden layer and the output layer 

c = memory state 

σ= sigmoid layer 

tanh = tanh layer 

 

 

8 Hopp, D. Economic Nowcasting with LSTM-ANN. UNCTAD, 2021. p.11. 
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In the LSTM architecture in Figure 3, three nodes or gates in the network allow 

gradients to flow through. First is the forget gate (σ sigmoid activation function), 

which is a filter on what information to keep or discard. Next is the input gate, a 

combination of a sigmoid and tanh layers, that allows new information to be 

introduced. Lastly is the output gate, which decides what information needs to go 

through to the next node/layer. Through these gates, LSTMs are capable of having a 

longer memory. 

With the LSTM network architecture, Hopp (2021) argues that LSTM performed 

well in developing nowcasting models especially when using different data sources 

with various periodicity and frequency of publication due to its capability to learn 

long-term dependencies. LSTM can handle large numbers of input features in a 

variety of frequencies. The model will be able to address the following main issues: 

1. Mixed Frequency Data – different periodicity of published data 

2. Ragged-Edges – heterogenous publication schedules which result in missing 

data 

3. Curse of Dimensionality – more features than observations 

3.4.2 Dynamic Factor Model (DFM) 

Lastly, the DFM is based on the concept that a large number of economic or 

observable variables are described by a small number of common factors. The DFM 

is modeled in a state-space representation where the independent and target 

variables share a common factor and idiosyncratic component, which captures the 

movements of individual variables (Dauphin et al. 2022). DFMs are estimated by 

Maximum Likelihood Estimation (MLE) using Expectation-Maximization (EM) or the 

Kalman Filter algorithm. In MLE, the parameters are chosen to maximize the likelihood 

of observed data. Upon estimating the model, it can be used to conduct 

dimensionality reduction and generate predictions. Too much noise (i.e., many 

correlated variables) can affect the accuracy of the model in time series. The DFM can 

address this problem by identifying the common factors that drive the model and 

reducing the number of time series. 

4. Results and Discussion 

4.1 Labor Market Tightness Ratio 

A slack in the economy happens when there is insufficient demand compared to the 

economy’s potential output. In the labor market context, too much slack in the 

economy means many people are looking for jobs. When slack decreases, it becomes 

challenging for employers to find workers and in turn pushes the wages up to retain 

employees or hire new ones. As the cost of labor increases, the companies also bid 

up the prices of goods and services which leads to higher costs for consumers. 

Monitoring the amount of slack in the labor market provides information on the 

current and future inflationary pressure in the economy. 

As illustrated in Figure 4, both the Philippines Statistics Authority (PSA) Tightness 

Ratio and Jobstreet Tightness Ratio (JTR) are below the equilibrium level of 1.0 (i.e., 
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there is no available job opening/vacancy for every unemployed individual that is 

looking for a job) from 2021 to Q3 2023.  

Further, the PSA Tightness Ratio decreased from 1.13 in April 2024 to 1.06 in May 

2024, nearing the equilibrium level. Similarly, the JTR decreased in May 2024 and 

remained below the equilibrium level, which indicates a loose labor market. Thus, the 

JTR result correlates well with the higher PSA unemployment rate of 4.1% in May 2024 

from 4.0% in April 2024, i.e., a loose labor market may lead to a higher unemployment 

rate. 

 

Labor Market Tightness Ratio 

 PSA Ratio, Jobstreet Ratio, and Unemployment Rate                                                          Figure 4 

  

Source: Author’s computations 

Notes: The PSA Tightness Ratio is the ratio of online job vacancies to the number of unemployed persons, while the Jobstreet 

Tightness Ratio is the ratio of the number of online job vacancies to the number of job seekers based on Jobstreet data.9 

 

As seen in Table 3, both Unemployment Rate and JTR Tightness Ratio are 

negatively correlated with PSA Ratio as of Q1 2024.  

Correlations of PSA Tightness Ratio against JTR and 

Official Unemployment Rate 

 January 2020 – May 2024                                                       Table 3 

  

Source: Author’s computations 

 

9 Ghayad, R. et al. The U.S Labor Market is Less Tight Than It Appears, Harvard Business Review, 2022. 
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*p-value < 0.05: statistically significant relationship 

 

4.2 Linear Regression, LASSO (L1), and Ridge (L2) 

Linear regression is an effective machine learning model in forecasting and evaluating 

how the Unemployment Rate is impacted by changes in big data variables (i.e., Online 

Job Vacancies and Active online job seekers), GDP, Inflation Rate, CPI, and other 

economic indicators. The author used LASSO (L1) and Ridge (L2) to regularize the 

regression model. These regularization techniques can handle high-dimensional 

datasets and improve the predicting power of the model by reducing overfitting. 

The cross-panel dataset has mixed frequencies resulting in missing values. 

Interpolation method using time (i.e., DateTimeIndex) was used to fill in missing 

values. This method is suitable for time-dependent relationships and estimates 

missing values based on the overall trend of the time series. 

As shown in Table 4, the oj_ldp (total online job vacancies/labor demand) and 

GDP are negatively correlated with the Unemployment Rate, this suggests that when 

labor demand and GDP increase, the Unemployment Rate decreases. On the other 

hand, views_p (active online job seekers/labor supply) and CPI are positively 

correlated with the Unemployment Rate, which means that when labor supply and 

CPI increase, the Unemployment Rate also increases. 

Linear Regression 

Correlation and Unemployment Rate                                     Table 4 

 

Source: Author’s computations 

*p-value < 0.05: statistically significant relationship 

 

Based on Table 5, Ridge (L2) with an RMSE of 0.4283 improved the regression 

model at a minimum and is better than LASSO (L1) at reducing variance in the model. 
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Linear Regression 

 Model Evaluation                                                                           Table 5 

 

Source: Author’s computations 

 

As illustrated in Figure 5 the predicted values of the Unemployment Rate have 

large deviations from the actual values. In March 2024, the actual Unemployment 

Rate is at 3.9 percent and the predicted Unemployment Rate is at 10.25 percent. The 

predicted value is above the tolerance level of ±1 percentage point. 

Linear Regression 

 Prediction Nowcasting                                                                   Table 6 

 

Source: Author’s computations 

Linear Regression 

Prediction Nowcasting  (Actual Values)                                                                                      Figure 5 
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4.3 LSTM – ANN 

• Model Assessment on Vintages 

Hopp (2021) introduced the concept of Data Vintages which are artificial withholding 

of data, defined as ragged datasets, to simulate what the availability of data would 

have looked like at different points since there is missing data. For example, for 

Multiple Vintages, -2 denotes 2 months back of the target period when data is 

available (i.e., Q2: June, so target availability and predicted values are in April). 

To fill in missing values or data, the Autoregressive Moving Average (ARMA) and 

mean of the series were instantiated in the model. The author used a library that 

contains parameters (i.e., ragged_preds and pub_lags) used to create vintage 

datasets. These parameters generate predictions on the ragged datasets. 

Based on Table 7, the performance on the test set shows that the model 

performed better with a lag of three (3) months ahead of the official publication date, 

with a 0.548 RMSE. 

LSTM-ANN 

Output Model Assessment                                                     Table 7 

 

 

Source: Author’s computations 

 

Consistent with the accuracy based on RMSE and as shown in Figure 6, the predicted 

values of the Unemployment Rate are near the actual values. In Q2 2022, the 

predicted values deviated from the actual values. However, as more and new data are 

released, the model improves. In March 2024, the predicted Unemployment Rate is 

the same as the actual Unemployment Rate at 3.9 percent. It can be noted that The 

predicted value is within the tolerance level of ±1 percentage point. 

 

LSTM-ANN 

Prediction Nowcasting                                                    Table 8 
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Source: Author’s computations 

 

LSTM-ANN 

 Prediction Nowcasting (Actual Values)                                                                                  Figure 6 

 

 

 

 

• Feature Contribution 

As regards the variables’ impact on the model's predictions, it used the feature 

contribution evaluation wherein: 

- RMSE is calculated on the train set with full information; 

- Each variable is individually replaced with its mean; and 

- RMSE from this permuted model is then compared as a ratio to RMSE. 

The variable with RMSE closest to 1 has the highest contributing impact on the 

model. As shown in Figure 7, big data variables (i.e., views and online jobs available) 

had the highest impact on the model. 
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LSTM-ANN 

 Feature Contribution                                                                                        Figure 7 

  

 

 

4.4 DFM 

DFMs are based on the core concept that a large number of economic variables can 

be described by a small number of common factors. It uses the module 

statsmodels.tsa.api which contains model classes and statistical tests and functions. 

Since the dataset used in this project has different frequencies and publication 

schedules, the first step is to fill in missing values using interpolation. The model 

follows the Autoregressive 1 (AR1) process, whose current value is based on the 

immediate past single value and includes the idiosyncratic component. To fit the 

model, the parameters of the model are estimated through the Expectation-

Maximization (EM) algorithm. 

The model used the parameter num_oos which is defined as the number of out-

of-sample forecasts. This means that predictions are generated from a model that 

was trained on a portion of the data, but evaluated on a different portion of data that 

was not used to train the model  (Tousignant, 2023).10 As shown in Table 9, the most 

optimal model with the lowest RMSE is the model with a window size of 5. 

 

 

 

 

10 Tousignant, P. Dynamic Factor Models in Python. Retrieved from Medium, 2023. 
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DFM 

 Output Model Evaluation                                                                                 Table 9 

 

Source: Author’s computations 

 

In Q3 2022, predicted values were close to actual values then they started to 

deviate. Even with a low RMSE, the model shows that there is a gap between the 

predicted values and the actual values. Further, the DFMs are hinged from historical 

observations and assume that previous or past patterns are carried over to the future. 

The gap might be due to unobserved factors such as economic shocks (e.g., the 

COVID-19 pandemic and global trade tensions) and policy changes.  

In March 2024, the actual Unemployment Rate is at 3.9 percent and the predicted 

Unemployment Rate is at 4.4 percent. As such, the predicted value is within the 

tolerance level of ±1 percentage point. 

DFM 

Prediction Nowcasting                                                  Table 10 

 

Source: Author’s computations 
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DFM 

 Prediction Nowcasting (Actual Values)                                                                                  Figure 8 

 

 

 

 

Based on the results in Table 11, the DFM has the lowest RMSE of 0.0427 followed 

by LSTM-ANN with 0.5480. Notably, the LSTM-ANN predictions fall within the 

tolerance level of ±1 percentage point.  

 

Nowcasting Model Evaluation 

 Comparison with Tolerance Level                                                                                                                  Table 11 
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Lastly, as shown in Figure 9, the LSTM-ANN produces accurate predictions and 

is better than the Linear Regression, the baseline model. In addition, the one-month 

ahead predicted values address the publication lags in official statistics. 

Nowcasting Models 

Actual (i.e., official) UE Rate and Predicted UE Rate                                                       Figure 9 

  

 

 

5. Conclusion and Recommendation 

The Labor Market Tightness Ratio using online job portal data gives information on 

the current condition of the labor market as it gives additional insights into real-time 

job vacancies. Further, slack in the labor market can be measured through the 

tightness ratio. For instance, a low tightness ratio indicates that labor supply is 

relatively stronger than labor demand (i.e., a loose labor market).  

 Meanwhile, the generated Nowcasting Models provide timely and accurate 

predictions of the Unemployment Rate. In addition, the deep learning models (i.e., 

DFM and LSTM-ANN) can handle large datasets and mixed frequencies efficiently and 

better than the baseline model (i.e., Linear Regression).  

 Moreover, future studies may explore expanding data sources by adding other 

online job portals such as LinkedIn and the Department of Labor and Employment’s 

PhilJobNet to capture a bigger representation of the labor market. 

 On the nowcasting models, future research may re-evaluate and add other 

variables that will improve the model’s robustness.  
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Finally, leveraging big data, the BSP can develop early warning systems or 

indicators that will aid in monitoring the economic and financial conditions of the 

country and come up with a better analysis of its policy actions, regulations, and 

recommendations.  Using big data, the BSP can track labor market conditions more 

frequently and generate insights from unstructured and non-traditional data. 
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Appendix A 

Labor Market Tightness Ratio – reference table 
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Appendix B 

Nowcasting Model – Tolerance Level reference (excerpts from BSP Primer on Inflation 

Targeting – Department of Economic Research, Bangko Sentral ng Pilipinas, 

December 2019) 
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