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Abstract

Several studies have reported about sustainability issues of the National Health Insurance Fund (NHIF) due to a mismatch
between assets and liabilities. Despite these studies, no study has worked on the asset and liability management (ALM)
of NHIF. In response to that, we applied a stochastic programming model to devise a decision framework that proposed an
appropriate funding strategy to ensure financial sustainability of NHIF over the next 10 years. The model was formulated
based on the regulations of Tanzania, with scenarios for random parameters generated by ARIMA and VAR models. We also
performed convergence and stability tests to determine the appropriate scenario tree for our model. Numerical results suggest
that remedial contributions in some stages, along with formulating an investment portfolio that favors government securities
and fixed deposits, promises financial sustainability of NHIF over the next decade.
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1. Introduction

Most developing countries are now striving to increase equity in the provision of health care services in
order to attain sustainable development goal (SDG) 3, which aims to achieve Universal Health Coverage
(UHC) by 2030. Moreover, as emphasized by [37], one of the key factors in achieving this goal is
reducing out-of-pocket (OOP) payments. In response to this global agenda, many developing countries
are focusing on implementing policy reforms in their health financing approaches [7, 16].

Recently, Tanzania has enacted the Universal Health Insurance Act of 2023 as part of its journey to-
ward achieving SDG 3 by 2030. The first attempt to improve equity in health care provision was through
the Arusha Declaration in 1987; however, its implementation failed in the early 1990s due to the rapid in-
crease in health care costs and poor economic performance [22]. As a result of this failure, cost-sharing
was introduced in 1993, followed by the establishment of health insurance schemes as supplementary
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financing mechanisms. The National Health Insurance Fund (NHIF), one of these schemes, was estab-
lished in 1999. This was followed by the Community Health Fund (CHF) in 2001, and the Social Health
Insurance Benefit (SHIB) [29].

Notwithstanding the efforts made by the government of Tanzania to increase equity in the provision of
health services, more than 75% of its population still relies on OOP payments, with only 15% of the pop-
ulation covered by health insurance [32]. Furthermore, as evidenced in [22], experiences from countries
that have performed well in UHC show that health insurance, particularly social health insurance, has
made significant contributions to their achievements. Consequently, ensuring the financial sustainability
of these schemes is crucial, as it will build trust among policyholders and encourage new members to
join.

Globally, there is a problem of high costs of health care services [28]. Most countries have reported
a significant rise in health care expenses [19]. The high costs of health care services have resulted in an
increase in health insurance bills [28]. Nevertheless, [23] suggested that this problem is caused by income
growth, changes in disease patterns, demographic changes, and advancements in medical technology. In
Tanzania, studies by [13], [34], and [27] have also reported a rapid increase in health care costs.

Currently, the health insurance system of Tanzania is extremely fragmented, with several schemes
targeting different groups of Tanzanians [12]. The system is characterized by social health insurance,
community health funds, and private health insurance. The private health insurance companies are reg-
ulated by the Tanzania Insurance Regulatory Authority (TIRA). The NHIF is regulated by the Bank of
Tanzania (BoT) and operates under the Ministry of Health. As per the NHIF, public sector employees
are obligated to contribute 6% of their monthly basic salary, shared equally between the employee and
employer. However, separate contribution arrangements are in place for voluntary members from other
groups.

Several studies have examined asset and liability management (ALM) in pension funds and life insur-
ance, as conveyed by the studies of [30], [31], [36], [11], [9], and [24]. Nevertheless, [17] studied
ALM in health insurance in an Indian context using a deterministic approach that used the surplus model
to manage interest rate risk and the chain ladder method to forecast claim reserves.

The NHIF provides a range of medical services to Tanzanians, which exposes it to multiple risks, in-
cluding claim uncertainty, catastrophic occurrences, rising medical costs, moral hazard, epidemiological
uncertainty, and investment volatility. According to [13], [34], and [27], these risks have led to the
fund running a deficit, as its liabilities have been increasing at a higher rate than its assets. Furthermore,
this issue has caused delays in payments to service providers. This challenge can be suitably addressed
in ALM using stochastic programming, as it is capable of effectively capturing the stochastic nature of
the aforementioned uncertainties. Therefore, this study has developed a stochastic ALM model aimed at
designing an appropriate funding strategy that consistently ensures assets match liabilities.

2. Multi-stage stochastic programming ALM model for NHIF

The health insurance system operates by individuals making periodic payments (called premiums) to the
insurance provider (health insurer) in exchange for health care coverage. When a covered individual
needs medical care, they can visit health care providers who are part of the insurance plan’s network,
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and the insurance provider pays for the covered services to the health care provider. The system works
by ensuring that policyholders are protected, maintaining its financial sustainability, and promoting fair
competition by setting affordable premiums for its members.

The health insurer must make trade-offs between the affordability of premiums and the sustainability
of the insurer. To achieve this, the insurer needs an appropriate combination of assets and liabilities to
ensure financial stability and the ability to meet contractual obligations to members. Also, the insurers
need to construct a well-diversified investment portfolio, and comply with regulatory requirements. Un-
fortunately, these decisions are influenced by uncertainties related to medical inflation, moral hazards,
and both microeconomics and macroeconomic variables. In this context, an appropriate decision-making
framework is needed to handle these uncertainties and ensure that assets values consistently match lia-
bilities. This challenge can be effectively addressed through ALM. However, ALM can be approached
in various ways, including mean-variance models, discrete-time varying multi-stage models, continuous-
time varying models, or multistage stochastic programming (MSSP) models. As pointed out by [25], the
advantage of MSSP over the other approaches is its ability to handle all the important aspects of ALM
simultaneously with minimal computational difficulty. The MSSP model entails making interconnected
sequential decisions based on a series of observations of stochastic processes, and it is given as,

k
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where, X C R, g;(xo,...,27-1,(1,-..,C(r) < 0 are the m constraints, for i = 1,...,m, that needs to
be satisfied, and xg, ..., xpr_1, x7 € IR" are the sequential decisions for stagest =0,..., 7.

In this study, the MSSP model of the NHIF has been formulated to help in decision-making for a
period of 10 years, from 2022 to 2031. A 10-year planning period was chosen to align with the global
goal of achieving UHC by 2030, as mandated by the World Health Organization (WHO). Moreover,
our planning horizon includes relatively short time intervals between stages because claims costs and
policyholder behavior in health insurance are uncertain and require short-term financial management.
Our decision process is organized in a scenario tree with stages given by s € {0,...,S}, based on the
model suggested by [15]. Moreover, stage s = 0 represents the initial stage, while stage S is the final
stage. The nodes of the scenario tree are denoted by p € {1, ..., P;}, with 1 as the root node and P; as
the number of nodes at any stage s € {0, ..., S}, and the assets are represented by j € {1,...,J}. The
model is formulated as a linear multi-stage stochastic programming model. Table 1, Table 2 and Table 3
present the random parameters, decision variables, and deterministic parameters used to formulate our
model.

Table 1. Random parameters

S/No \ Parameter Descriptions
1 Csp Claim payments at node p during stage s
2 Tj,s,p Return rate of asset j at node p during stage s
3 Ss.p Total annual salaries at node p during stage s
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Table 2. Decision variables

S/No | Variables Descriptions
1 Yj’fg » Holding of asset j at node p in stage s
2 ]f sp Cash generated by selling asset j at node p during stage s
3 ]ljs,p Cash spent in buying asset j at node p during stage s
4 s.p Reserve at node p during stage s
5 ds.p Contribution rate at node p during stage s
6 dg Contribution rate at node p in the final stage S
7 Ds.p Shortfalls of not achieving the minimum funding ratio at node p during stage s
8 E,, Excess funds at node p in stage s
Table 3. Deterministic parameters
S/No \ Parameter Descriptions
1 w Starting cash balance
2 on The starting balance allocated to asset j
3 I, Lower limits of assets in the portfolio
4 I, Upper limits of assets in the portfolio
5 o Transaction expenses associated with buying and selling asset
6 Fm Minimum funding ratio
7 F/ The funding ratio needed at the final stage
8 a Administration cost
9 0 Penalty parameter
10 d! The minimum value of contribution rate
11 d* The maximum value of contribution rate

2.1. Objective function

In this study, we have used the objective function as in [15], which aims at minimizing the total average
contribution rate and the risks of falling into a shortfall of not achieving our targeted funding ratios which

is given by,

S—1 Ps

min Z Z(J) +ez Z (%’) +i . (2)

s=

The first term of this expression is the sum of average contribution rates (d,) for each of the first
six stages. This measures the cost of funding the scheme through members’ contributions, which is a
percentage of the members’ monthly salary. To ensure affordability, this value is allowed to vary in a
given range.

The second term is the sum of the average deficit (¢, ;) relative to claim payments (liabilities). This
represents the risk aversion term, modeled by applying a penalty to the deficits (¢; ;). The model allows
the shortfalls and measures their level by taking the ratio of deficits to liabilities (the first downside
moment of the funding ratio). This deficit is identified if the funding ratio falls below the specified
margins. Additionally, to keep its value small, we penalize it using a parameter (6), referred to as the
penalty parameter.

To ensure solvency at the end of the planning period, a new contribution rate (dg) is suggested only
at the final stage. The goal is to achieve the targeted funding ratio of the Fund (F'/). Therefore, the third
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term is the average contribution rate at the final stage, which is allowed to take any positive value.

2.2. Funding constraints

The NHIF is basically funded by the contributions of its members and cash generated from its invest-
ments. As per NHIF Act a portion of its accumulated income has to be set aside as the reserve funds.
This fund should not exceed the estimated annual expenditures, whenever that happens, the health bene-
fits package (a set of medical services financed by the insurance plan) to policyholders has to be increased
or contribution decreased. This is purposely done in order to adjust expenditures or earnings to meet the
maximum amount of the reserve funds.

By considering liquidity and the returns obtained, the fund invests these reserve funds in various
investment areas. The reserve fund for NHIF is the total wealth, representing the total amount invested
in all types of assets at the beginning of each stage, along with their returns. The total reserve of NHIF
at the beginning of each stage across all its nodes is given as,

J
Zl—kr]&p i, Vse{0,..., S}, pe{l,....P}. (3)

Moreover, we define the reserve for the purpose of measuring financial sustainability.

To capture the relationship between reserve funds and expenditures outlined earlier, we introduce a
dummy variable (E;,) that stands for excess funds. A positive value of (Ej ) indicates that the reserve
exceeds expenditures, while a negative value suggests that the reserve is less than expenditures. The
following equation represents this relationship,

Ry, —Csp,=Es,, Vse€{0,....,5},ped{l,...,P}. (4)

Also, every time we need to consider the liquidity of the fund, this implies that the model has to ensure
that the cash inflow and the cash outflow match. Moreover, the cash inflow for NHIF is sourced from
members’ contributions and investments. Conversely, the cash outflow comes from claim payments
to service providers, new investments, and administrative expenses. The buying and selling of assets
normally involve transaction costs, which have also been included in our study. As described in the
NHIF Act, variations in reserve amounts may result in changes in health benefit packages or contribution
rates. In this study, we have fixed the health benefit packages(a set of medical services financed by
the insurance plan) and allowed the contribution rate to vary. In order to allow the contribution rate to
increase when the reserve is less than the expected expenditure and decrease otherwise, the excess funds
(Es,p) is included in the following equations,

J J J
do 1501 + Eop + W + Z(l - 04>th,0,1 = Cop,1 + Z(l + a)Y;’le,l + a(CO,l + Z(l + 04)ij0,1)> (5)
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Additionally, Equation (5) defines the cash flow constraints for the initial stage, whereas Equation (6)
outlines the cash flow restrictions for the subsequent stages.

Furthermore, the contribution rate for NHIF members is governed by the NHIF Act of 2015. With
reference to this Act, each employer is supposed to pay a monthly contribution equivalent to 3% of
employee salary for all employees under his custody, and 3% comes from employee’s salary. The 6%
in total of the employee salary is deposited by the treasury to the fund. This rate is subject to variations
depending on the reserve funds. In order to respond to variations in the reserve fund, the contribution
rate was allowed to vary within the range of 5% to 10%. Moreover, in our model, the contribution rate
was restricted to change annually during the first four stages and every two years during the final three
stages. The purpose of this approach is to identify a contribution rate that effectively responds to the
rapid increase in claim costs. The restrictions and dynamics of contribution rates are described by,

d <d,,<d"Vse{0,...,S}\{0},pe {1,...,P}. (7)

2.3. Investment constraints

As per the NHIF Act, the investment matters of NHIF are regulated by BoT. The BoT issues guidelines
pertaining to the investment activities of NHIF and other related social security funds in Tanzania. The
latest guideline was issued in 2021, and as per this guideline the limits of each asset type are shown
in Table 4. However, the fund is allowed to exceed these limits, under the conditions that: (i) it is not
allowed to make new investment until the weight of that asset is restored to the prescribed limit, and (ii)
that excess has to be reported to the BoT.

Table 4. NHIF investment guideline

S/No \ Asset type I, (%) I, (%)
1 Shares 0 20
2 Treasury bills 20 100
3 Loans to the government 0 10
4 Fixed deposits 0 35
5 Corporate bonds 0 20
6 Treasury bonds 20 100
7 Real estate 0 30
8 Investment in infrastructure 0 25
9 Guaranteed fund 0 100
10 | Others (to be approved by BoT) 0 10

Each time, the model must define the assets held in the portfolio. This involves considering the assets
held in the previous period, along with their returns and the amounts obtained from buying and selling
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assets. Thus, the holding of assets is defined as,
}/jfLO,l :}/jo_'_}/jlj()’l —ij&l,Vj € {1,...,J}7 (8)
Vi = +re)Y o+ Y, =Y o Vie{l,... J},s€{0,....5}\{0},pe{L,....P}. (9)
Moreover, Equation (8) describes the amount invested in each asset at the initial stage (at s = 0), while
Equation (9) governs the dynamics of asset holding for succeeding stages.

Also, in order to comply with the asset restrictions delineated in the investment guideline in Table 4,
we have used the following constraints,

J J
LY Y], <Y <L) Y], ¥se{o,....S},pe{l,....P}, (10)
=1 j=1
h .
Y, >0vVie{l,...,J},s€{0,....S},pe{l,...,P}. (11)

2.4. Solvency metric

The formulated stochastic optimization model is aimed at finding an appropriate funding strategy that
ensures the solvency of the fund throughout the planning period. The solvency is usually measured by
the funding ratio defined as,

sz%xloo%, Vs e {0,...,8} . pef{l,.... P}, (12)
5P
where F ,, is the funding ratio at stage s during node p.

In Equation (12), if F;, < 100% , it indicates under-funding which means the fund is not sustainable.
Conversely, if F, > 100% it signifies over-funding, which means the fund is sustainable. Although the
government, as the regulatory authority of NHIF, mandates that funding ratios to be not less than 40%,
we have set a higher threshold of 100% for the first six stages. This ensures the fund’s financial stability
to support Tanzania’s ongoing efforts to establish UHC. In the final stage, we have raised this threshold to
150% to ensure that NHIF maintains sufficient reserves to continue contributing to this goal beyond our
planning horizon. Our model is designed to ensure that the funding ratio remains above these limits, and
any shortfall (¢, ;) is recorded and penalized in the objective function. Also, to prevent the final funding
ratio from falling below F/, we have applied a different contribution rate (dg), that is allowed to take any
positive value. All these restrictions are described in the following constraints,

Rsp > F"Csp— bsp, ¢sp>0,Vse{0,...,8},pe{l,..., P}, (13)

Ry, > F/C,, —dlSs,, df >0,Vs€{0,...,8},pe{l,...,P}. (14)

2.5. Scenario generation

In stochastic programming (SP) models, uncertain parameters are modeled as random variables described
by probability distributions or random processes [8]. These models are solved numerically by discretizing
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the chosen distribution. Although various techniques for scenario generation exist, such as sampling,
statistical methods, and simulations as discussed in [10], simulations are often regarded as the most
efficient. This method entails sampling from an assumed distribution linked to the model.

In this study, claims and total annual salaries were modeled using the non-seasonal ARIMA, with
scenarios generated through the Monte Carlo sampling approach, as suggested by [8]. The choice of
ARIMA is based on the fact that our datasets are univariate time series with a trend, as suggested by [5],
and are also randomly distributed. The Vector Autoregressive (VAR) model was applied to asset returns.

The NHIF has been investing in treasury bills, shares, fixed deposits, and providing loans to both
the government and service providers. The returns from these five assets classes were modeled using
the VAR with secondary data on asset returns from 2002 to 2021. The VAR process was carried out
based on the procedure described in [24]. To incorporate the time intervals between stages, the approach
recommended by [14] was used. Consequently, asset return scenarios were generated using Monte Carlo
simulation combined with Cholesky decomposition, as detailed in [35].

The asset return, annual salaries, and claim scenarios were organized into a tree designed for a 10-year
planning period, with seven stages of varying lengths: 1, 1, 1, 1, 2, 2, and 2 years, corresponding to s =
0,1,2,3,4,6, 8, and 10, from 2022 to 2031. Additionally, the suitability of the scenario tree for our
ALM model was evaluated by performing convergence and stability tests, as recommended by [21]. The
stability test involved generating 20 scenario trees for each of the six different tree sizes, followed by
solving the SP model for all generated trees. Stability was evaluated by examining the mean, standard
deviation, and Relative Standard Deviation (RSD) of optimal objective values. Using the RSD metric,
trees with low RSD values are considered stable, and the metric is defined as,

RSD = % x 100%, (15)

where 1 is the mean value, and o is the standard deviation.

Conversely, the convergence test was conducted by forming 17 distinct scenario trees, with the small-
est tree containing 382 nodes and the largest having 4181 nodes. The SP model was subsequently solved
using these trees, and the objective values were recorded to assess the convergence of these values.

3. Numerical results

Based on the study by [20] and the assumptions therein, the claim payouts and total annual salaries were
modelled by ARIMA(O, 2, 2) and ARIMA(2, 3, 0), respectively. Furthermore, their trends for the next
decade are presented in Table 5 and 6. The two parameters were predicted with a 95% confidence inter-
val, and the forecasts suggest that both claim payouts and total annual salaries are expected to increase
throughout the planning horizon. However, the claim payouts, as shown in Table 5, are expected to in-
crease by an average of 7.2%. Conversely, total annual salaries, shown in Table 6, are projected to grow at
an average rate of 0.9%. The higher growth in claim payouts is primarily influenced by epidemiological
transitions and advancements in biomedical technology [23]. In contrast, the low growth in total annual
salaries is influenced by the gradual increase in both membership and salary levels.

The scenarios for claim payment and annual salaries were then obtained by sampling from the stochas-
tic part of the estimated ARIMA models using the Monte Carlo simulation. The descriptive statistics for
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Table 5. Claim payouts (in billions) for the next 10 years with 95% confidence interval

Year \ Point Forecast Lower bound Upper bound

2022 492.12 352.42 631.82
2023 539.56 361.49 717.63
2024 587.00 367.44 806.55
2025 634.44 370.53 898.35
2026 681.88 370.92 992.83
2027 729.31 368.78 1089.85
2028 776.75 364.24 1189.27
2029 824.19 357.40 1290.99
2030 871.63 348.35 139491
2031 919.07 337.19 1500.94

Table 6. Total annual salaries (in billion) of NHIF’ Members for the next 10 years with 95% confidence interval

Year \ Point Forecast Lower bound Upper bound

2022 8621.09 7955.70 928.65

2023 8934.41 7497.07 10371.74
2024 9194.32 6501.55 11887.08
2025 9421.74 4969.32 13874.16
2026 9545.81 2854.84 16236.77
2027 9632.97 1070.05 19158.93
2028 9646.53 3305.67 22598.73
2029 9593.10 7426.24 26612.44
2030 9483.84 12285.59 31253.28
2031 9303.34 17920.16 36526.84

the historical returns of shares (sh), treasury bills (tb), loans to service providers (Is), loans to the govern-
ment (lg), and fixed deposits (fd) are presented in Table 7. Additionally, the correlation matrix of these
data is provided in Table 8.

Table 7 presents the summary statistics of the historical data on asset returns. The highest values of
the standard deviation for shares and loans to the government indicate that these are assets with high risk
that need to be handled with care in a VAR model. Also, the skewness and kurtosis of all assets show
that they deviate from the normal distribution, suggesting that the transformation of the data is crucial to
avoid heteroscedasticity issues.

Table 8 presents the correlation matrix of the historical asset return. The records indicate that most

Table 7. Summary statistics of asset return records

Asset | Mean  Standard deviation Min Max Skewness  Kurtosis
sh 2.0947 4.0711 -0.8775 11.5973 1.6187 4.0915
tb 1.0155 2.5096 -0.9070 10.1071 2.9943 11.5000
Is 0.3327 0.4924 -0.0404  1.2767 1.0860 2.8430
Ig 2.7735 7.2724 -0.9732  17.5631 1.7596 4.1461
fd 0.4908 0.6907 -0.5505 1.9326 0.7003 3.1608

assets have low or negative correlations. This suggests that from these assets, there is a possibility of

constructing a portfolio that will have a very low risk of losses.

Table 9 presents the estimated parameters of the VAR model for all the five types of assets involved,
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Table 8. Correlation matrix of asset returns (2002-2021)

sh tb Is Ig fd
sh 1
tb | 0.1590 1

Is | 0.3340 -0.2727 1
Ig | -0.1865 -0.9593 0.4587 1
fd | 0.8805 -0.0928 0.3305 0.1070 1

estimated by R as detailed in [33]. Table 10 presents VAR equations with zero lags in order to avoid
unstable and spurious predicted asset returns. This suggestion aligns with the studies of [30], [31], [35]
and [24], which have used lag 1 for some assets and lag zero for others in order to avoid the problem
of spurious and unstable asset returns. Table 11 illustrates the residual correlation matrix employed for
producing correlated scenarios of asset returns. The process involves utilizing Monte Carlo simulations

and Cholesky decomposition based on the equations outlined in Table 10.

Table 9. Parameter estimate of vector autoregressive model

Assettype | sh tb Is Ig fd
(p) Estimates ‘ 0.0982 -0.9950 0.0328 0.6327 -0.1216

Table 10. Vector autoregressive model equations

In(1+555)=0.0982+ €15
In(1+1g5)=0.6327+ €as
In(1+fdy)=-0.1216+ €35
In(1+15)=0.0328+ €5
In(1+tbs)=-0.9950+ €5

Table 11. Correlation matrix of residuals

\ sh tb Is lg fd

sh 1

tb | -0.0832 1

Is | 0.2314 -0.4771 1

Ig | 0.0308 -0.9535 0.6420 1

fd | 0.9010 -0.1598 0.2428 0.1327 1

The results of the convergence test are presented in Figure 1. As it is observed in Figure 1, the
objective values seem to be unstable for a tree size of less than 2000 scenarios. However, the convergence
of the objective values started to occur after a scenario tree of more than 2000. This suggests that the
solution that is close to the true solution will be obtained by solving the stochastic programming model
with a scenario tree of at least 2000 scenarios. This observation aligns with the studies of [26] and [6].
These studies claimed that the size of scenario tree required to give accurate results can be approximated
by observing the convergence of the objective value as the size of the tree keeps on increasing.

Table 12 presents the results of the stability test. It gives the mean, standard deviation and RSD of the
optimal objective values for the in-sample stability test. The obtained RSD of approximately 2% for a
tree of 2531 nodes suggests that the optimality gap is small and therefore this scenario tree is stable and
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Figure 1. Convergence of the objective values.

suitable for the given optimization model. This finding is in line with that of [2], who claimed that the
optimality gap of 2% or less suggests that the chosen scenario tree is stable.

Table 12. Results for in-sample stability analysis

Tree size \ Mean  Standard deviation RSD (%)

382 0.5046 0.0471 9.3
761 0.5132 0.0429 8.4
951 0.5010 0.0244 4.9
1509 0.5111 0.0111 2.2
1901 0.5093 0.0116 2.3
2531 0.5384 0.0111 2.1

Based on the results of the convergence and stability tests that suggested a scenario tree of 2531 nodes, the
resulting stochastic programming model had a total of 49397 decision variables, 40521 constraints, and
1 objective function. According to the NHIF Act, administration costs should not exceed fifteen percent
(15%) of the total income of the fund. In this study, this value is fixed at 15%. We have assumed that
the transaction cost of buying and selling all types of assets is the same, fixed at 1%. Also, we assumed
that the initial portfolio weights are respectively 26%, 61%, 8%, 3%, and 2% of the total initial cash
position, for fixed deposits, treasure bills, shares, loans to the government, and loans to service providers.
These percentages were calculated based on the contribution of each asset type to the total investment
income as per the financial year of 2021/2022. All these deterministic parameters are presented in Table
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11. Consequently, the model with the deterministic parameters in Table 13 was organized in AMPL and
solved by GLPK with the simplex algorithm.

Table 13. Deterministic parameters of the SP model

Parameter \ Fe F™d* d « a
Values \1.5 1.0 0.1 0.05 001 0.15

We initially solved our ALM model with the deterministic parameters specified in Table 13, excluding
the penalty parameter (0) by setting # = 1. The #-value was later incorporated into the model, which was
then solved using the same deterministic parameters. To assess the effect of different penalty values on
the model outcomes, we tested eight distinct values of 6, as listed in Table 14. These outcomes were also
used to select the appropriate # value that results in a feasible solution.

Table 14. Penalty parameters used in the ALM model

0. [ 02 05 6. 05 0g 07 Os
1 [10 10° 10° 10" 10° 1.5x10° 2.0x10°

Table 15 shows that the total relative deficits (the second term of Expression (2), without the penalty
parameter (6)) decrease as the §-values increase. This indicates that larger values of # guide the model to
strongly discourage violations of Constraint (13), thereby favouring solutions that avoid deficits. More-
over, from # = 10° onwards, the model produces decisions with no deficits, indicating that this #-value
ensures the constraint is fully satisfied. The absence of deficits for > 10° implies that 10° is the min-
imum value of # required to eliminate deficits, making it the most suitable choice for the model. These
results are consistent with the findings of [4] and [3], who adopted a similar method to determine an ap-
propriate penalty parameter. Furthermore, the final contribution rate remains constant across all 6-values,
indicating that it is unaffected by the choice of 6.

Table 15. Distribution of penalty parameter, optimal objective values, relative deficits and reliability.

f-values \Total relative deficits  Final contribution (%)

1 0.02732 5

10 0.02732 5
102 0.01282 5
103 0.00621 5
10* 0.00013 5
10° 0 5
1.5 x 10° 0 5
2.0 x 10° 0 5

Table 16 displays the total average funding cost at each stage, along with the total relative deficits, both
with and without penalty parameters. The total average funding cost for the first six stages is computed

using (Zfil ]Sj’p ) , corresponding to the first term in Expression (2). For stage 7, it is determined using
S

df
(Z?l Fp) , aligning with the last term in Expression (2). Furthermore, the average deficit, represented
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by the first downside moment of the funding ratio, is given by i L (@) .
p=1 Ps \Csp
As presented in Table 16, the funding costs in all stages except 2, 3, and 5 are higher in the model
without a penalty parameter (f = 1) compared to the model with a penalty parameter (¢ > 1). Moreover,
decisions based on the model without the penalty parameter result in deficits in stages 3—6, whereas its
counterpart incurs no deficits at all. This suggests that, when comparing the decisions of models without
and with a penalty parameter, the latter reduces both deficits and funding costs.

Table 16. Average deficits (in billion), and funding costs (%) with and without penalty parameter

Stages Without penalty (6 = 1) With penalty (6 > 1)
Average funding cost  Average deficits Average funding cost  Average deficits
1 6.02 0 5.97 0
2 5.80 0 5.83 0
3 5.56 0.13 5.57 0
4 6.92 3.96 6.74 0
5 5.98 2.61 5.91 0
6 7.31 14.78 6.93 0
7 5.00 0 5.00 0

Using the ALM formulation with a penalty parameter of 10°, the results are summarized in Table 17.
The presented values include R, Cs, E;, ds, and ¢, representing reserves, claim payouts, excess funds,
contribution rates, and deficits, respectively, across all stages. These stages correspond to the years 2022,
2023, 2024, 2025, 2027, 2029, and 2031. Moreover, the contribution rates reflect the average funding
costs for each stage.

In all stages, the reserve exceeds the expected expenditures, with contribution rates ranging between
5% and 6.93%. However, in stages 4 and 6, the contribution rates are significantly higher compared to
the other five stages. This is because, at these stages, achieving the targeted funding ratios requires higher
member contributions as part of the proposed funding strategy. Conversely, in the remaining stages, the
reserve is sufficiently high to meet the required funding ratios, eliminating the need for higher member
contributions.

Also, the contribution rate in the final stage is lower than in all other stages. This is due to the reserve
surpassing expenditure by 652.09 billion, which is the largest difference among all stages, hence requiring
minimal contributions to meet the desired funding ratio. This aligns with the NHIF Act, which mandates
that contribution rates increase when reserves decrease. Moreover, the reserve represents NHIF’s total
wealth. A large reserve indicates adequate wealth to finance the Fund, requiring minimal contributions
from members. In contrast, when the reserve is inadequate, higher contributions from policyholders are
needed to finance the Fund. Furthermore, the analysis of the relationship between contribution rates
and reserve levels indicates that the existing 6% contribution rate is insufficient to ensure the financial
sustainability of the NHIF throughout the planning period. To guarantee sustainability, an additional
contribution of approximately 1% is required in stages 4 and 6.

Additionally, the reserve amount consistently decreases from 986.50 billion in stage 1 to 756.34 billion
in stage 4, followed by unpredictable fluctuations towards the final stage. This trend is influenced by the
optimal reserve amount suggested by the model needed to meet the required minimum funding ratio at
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Table 17. Distribution of reserve, expenditures, contribution rate and deficits

R, Cs Es  ds (%) ¢s
986.50 571.26 41524 597 0
963.97 601.51 36246 5.83
914.41 636.74 277.67 5.57
756.34  680.69  75.64 6.74
1023.02 753.28 269.74 591
920.92 832.53 88.37 6.93
1563.88 911.79 652.09  5.00

~N NN R W =|»
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each stage. Likewise, the fluctuation in contribution rates across all stages is driven by the same reasons.
This funding strategy has resulted in the trend of the funding ratio presented in Figure 2. Furthermore,
as indicated in Table 17, no deficits occurred at any stage. This suggests that to attain the proposed
minimum funding ratio at each stage, there’s no need for additional funds, either as a subsidy from the
government or as a loan from a financial institution.

Based on the results presented in Table 17, we calculated the funding ratio across all stages to measure
the financial sustainability of NHIF over the entire planning horizon. Figure 2 illustrates its values across
all seven stages, computed using Equation (12). Furthermore, its trend shows a decline from 173% in
stage 1 to 111% in stage 4, followed by random fluctuations from stage 4 to stage 6. However, from stage
6 to the final stage, the ratio increases, reaching 172% in the final stage, which is above the 150% limit
set by the model.

170

1601

1501

1401

Funding ratio(%)

1301

1201

110+

1 2 3 4 5 6 7
Stages

Figure 2. A plot of funding ratios across all seven stages.
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Notably, throughout all stages, the funding ratio consistently remains above the specified thresholds,
indicating that NHIF will be financially sustainable over the entire 10-year planning period (2022-2031).
This suggests the fund is capable of meeting all its financial obligations, even in situations where the
collected contributions fall short of expected expenditures. Furthermore, the funding ratio of 172% in
the final stage demonstrates that the fund will remain financially strong even beyond 2031. In addition,
this financial strength will encourage new members to join NHIF as their trust to the fund grows, thereby
increasing the population covered by the insurance system in Tanzania.

Figures 3a)-3e) illustrate the proportions of fixed deposits, treasury bills, shares, government loans,
and loans to service providers within the investment portfolio across all seven stages. Specifically, Fig-
ures 3a), 3b), 3c), 3d), and 3e) correspond to the holdings of shares, treasury bills, loans to service
providers, government loans, and fixed deposits, respectively. Figure 3a) illustrates that the proportion
of shares held fluctuates across the stages without a clear pattern, varying between 1% and 11%. This
irregular pattern reflects the inherently high-risk nature of shares. In contrast, Figure 3b) shows an up-
ward trend in the allocation to treasury bills, increasing from 34% to 96%. This trend aligns with our
model’s objective of achieving a higher funding ratio by the end of the planning horizon. Holding more
treasury bills helps reduce the risk of a funding shortfall, as they are low-risk and highly liquid assets.
Furthermore, increasing their allocation allows them to act as a protection against rising claim payments
driven by the rapid growth in healthcare costs. This strategy helps ensure that asset values consistently
match liabilities throughout the planning horizon.

Figure 3c) displays the holdings of loans to service providers. Their portfolio weight peaks at stage
3 with 11% and drops to zero at stage 7. Correspondingly, Figure 3d) illustrates the proportions of
government loans across stages, which exhibit a declining pattern toward the end of the horizon. This
pattern reflects the illiquid nature of government loans, which necessitates reducing investment in such
assets to maintain adequate liquidity and avoid shortfalls, particularly as claim payouts increase over
time. A similar trend is observed for fixed deposits in Figure 3e), driven by the same reasons.

Moreover, throughout all stages, treasury bills consistently receive the highest allocation, with fixed
deposits and government loans following. In contrast, loans to service providers and shares receive
the smallest allocations. The highest weight for the treasury bills is due to their low-risk profile and
good returns. Although government loans have highest risk compared to other types asset, they remain
attractive due to their good returns. Fixed deposits are also favored for their low-risk characteristics.
Even though loans to service providers have the least risk, they are less required because of their low
returns. Despite providing pleasant returns, the share is not highly preferred in the investment portfolio
because it has high risk.

Also, in Stages 1 to 3, the weight of government loans exceeded the limits specified in the investment
guidelines, as shown in Table 4. A similar pattern is observed with fixed deposits, and loan to service
providers in stage 3. This deviation arises from the limitations of the simplex algorithm implemented in
GLPK, which relies on floating-point arithmetic. Consequently, numerical errors due to rounding may
occur, potentially leading to constraint violations. Furthermore, the use of floating-point numbers in
linear programming software inherently limits the accuracy of the solutions obtained, as evidenced in
[1, 18]. Despite these deviations from the investment guidelines, such decisions remain acceptable under
the condition that case has to be reported to BoT.
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Table 18 presents the amount of money (in billion) that model suggests for new investments for all
asset types and stages. In all stages except stage 2, the model suggests the largest portion be used in
treasury bills for the reasons mentioned above. Surprisingly, in stage 2, the model proposes the largest
amount to be used to provide new loans to the government. Generally, the model proposes the smallest
funds to be used in fixed deposits and providing new loans to service providers because these are the
assets that provide low returns.

Table 18. Amount of asset bought for all seven stages (in billions)

Stages \ Shares Treasury bills SPloan Government loan Fixed deposit

1 428.96 1159.01 553.48 216.04 284.92
2 188.06 395.73 87.05 928.94 511.05
3 630.80 570.90 84.13 555.68 69.75
4 63.57 273.22 6.78 104.74 51.96
5 138.20 440.74 5.39 150.26 55.07
6 38.59 294.11 4.54 86.85 38.66
7 6.48 255.95 0 54.01 0.07

Table 19 shows the amounts of assets to be sold across various stages for each asset type. These
figures represent the cash generated at each stage through asset sales. In stages 1, 2, and 4, the results
indicate that the largest cash amounts are derived from government loans. Similarly, in stages 5 and 6,
fixed deposits appear to generate more cash than other asset types. Additionally, treasury bills contributed
the largest cash amount only in stage 7. This pattern is influenced by the maturity periods of these asset
types. Overall, the findings suggest that cash generation from service provider loans, treasury bills, and
shares is low, while fixed deposits and government loans perform significantly better in this aspect.

Table 19. Amount of asset sold for all seven stages (in billions)

Stages \ Shares Treasury bills SPloan Government loan Fixed deposit

1 405.89 838.09 504.15 1061.15 29.58
2 189.48 512.81 120.69 922.45 545.07
3 720.44 658.65 139.68 594.41 90.32
4 60.52 126.62 94.31 232.85 164.15
5 127.80 149.96 206.45 228.35 235.19
6 130.37 119.98 136.21 190.00 192.57
7 374.98 634.88 156.70 247.34 87.41
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Figure 3. Asset holding for 3a) shares, 3b) treasury bills, 3c) loan to service providers, 3d) government loan, and 3e) fixed
deposits.
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4. Conclusions

The study has revealed that there is a need to review the existing funding strategy, as it does not guarantee
the financial sustainability of the NHIF throughout the planning horizon due to the rapid increase in
medical costs. Our findings suggest that, to strengthen financial stability over the next decade, strategies
that result in deficits should be avoided, as they tend to incur higher funding costs. Moreover, stability
could be greatly enhanced by making remedial contributions in some stages and allocating the largest
portion of its wealth to government securities and fixed deposits. These funding suggestions are expected
to strengthen the financial position of the NHIF, as well as that of other health insurance funds globally.
In turn, their enhanced financial resilience would contribute positively to the ongoing global agenda of
achieving universal health coverage and improving services for policyholders. In the future, this work
could be improved by incorporating extreme economic conditions when modeling stochastic parameters,
as these were not captured in this study.
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