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Abstract

The study aimed to formulate a dynamic linear model within a Bayesian framework to
conduct a spatiotemporal analysis of neonatal mortality in Uganda during the SDGs
intervention. The study ably formulated the model based on appropriate health-related
covariates while considering the spatial and temporal dimensions of the data whose
variable of interest (dependent variable) was a quantitative variable measuring the
monthly rates of neonatal mortality (number of newborns dying within their first 28
days of life) at the district level of the country. Through Markov Chain Monte Carlo
(MCMC) simulations, the study was able to assess the applicability of the model based
on simulated data covering 14 years starting from January 2010. Using a Bayesian
approach through the Kalman filtering technique, the study estimated the parameters
of the formulated model. The study used the same technique through Gibbs sampling
to extract meaningful information from the simulated data and provide reliable
forecasts for the rates of neonatal mortality.

Introduction 1

The burden of Neonatal mortality has continued to rise the mortality rates of most 2

countries [2]. A healthy economy with a minimal mortality rate is a desire for every 3

country worldwide. Neonatal (newborn) mortality is defined for this study as death 4

within the first 28 days of life per 1000 live births as established by the World Health 5

Organization [1]. As noted by [2], reducing neonatal mortality is an essential part of 6

SDG 3, section 3.2: countries should aim to reduce neonatal mortality to at least 12 per 7

1,000 live births and under-five mortality to at least 25 per 1,000 live births by 2030 and 8

achieving this requires an understanding of the levels of and trends in neonatal 9

mortality. According to a study by [3], 5.2 million children died before reaching their 10

fifth birthday in 2019 with almost half of those deaths, 2.4 million occurring in the first 11

month of life despite the countries’ efforts to suppress the death rates for instance UN 12

member states’ intervention of coming up with the MDGs and SDGs. 13
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In Uganda like on the global scene, most studies such as [4] [5] [6] on neonatal 14

mortality have put their focus on risk factors ignoring measuring the progress and 15

forecasting the situation given the fact that the targeted 2030 to achieve the SDGs is 16

fast approaching. More so, these studies did not take into account time and space 17

influence. This study aimed at formulating a dynamic linear model to analyze the 18

situation of Neonatal mortality using a case study of Uganda to simultaneously 19

investigate its persistent patterns over time and space and illuminate any unusual 20

patterns. As mentioned by [9], majority of time series models including the well known 21

ones like autoregressive (AR), moving average (MA), autoregressive integrated moving 22

average (ARIMA), and autoregressive moving average (ARMA), are helpful for handling 23

stationary data, otherwise they get limited. This is further supported by 24

[10], [11], [12], [13], [14] as they suggest that state space models offer a very rich class of 25

models that have several advantages. For example, they do not require stationarity, 26

which eliminates the need to transform the data since data transformation leads to loss 27

of some important components in the data which at times leads to less accurate results. 28

In order to formulate a Dynamic Linear Model, the study simulated data for health care 29

related factors and health care policies that were put in place by the country as a way 30

of achieving SDG 3.2. The health policies based on are as shown in (1). 31

Table 1. Policies in place to reduce neonatal mortality in Uganda

Healthcare Policy Aim Starting Year

Reproductive, Maternal,
Newborn, Child, and Ado-
lescent Health (RMNCAH)
Sharpened Plan.

Accelerating progress in reducing maternal
and neonatal mortality by focusing on high-
impact interventions and improving service
delivery at all health system levels.

2016

National Health Sector De-
velopment Plan (NHSDP).

Consists of comprehensive strategies to
improve health service delivery, with spe-
cific targets for reducing neonatal and
maternal mortality rates through enhanced
healthcare infrastructure, workforce, and
community health initiatives.

2015/16

Every Newborn Action
Plan (ENAP).

A global initiative adopted by Uganda to
end preventable neonatal deaths. It focuses
on improving the quality of care during
childbirth and the immediate postnatal
period.

2015

Saving Mothers, Giving
Life (SMGL) Initiative.

Aims to reduce maternal and neonatal mor-
tality through improved healthcare delivery,
infrastructure, and community engagement.

2012
(2017-
Phase
II)

Uganda National Newborn
Steering Committee.

Established to oversee and coordinate ef-
forts to reduce neonatal mortality, ensuring
alignment with national and international
policies and programs.

2016

Maternal and Perinatal
Death Surveillance and Re-
sponse (MPDSR).

Aims to improve the quality of maternal
and newborn health services through sys-
tematic review and response to maternal
and perinatal deaths, enhancing account-
ability and quality of care.

2015
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Table 1, cont’d.

Healthcare Policy Aim Starting Year
Quality Improvement Ini-
tiative for Newborn Health
(QUIN-H).

Focuses on improving the quality of neona-
tal care in health facilities by implementing
standards and guidelines, training health-
care workers, and strengthening health
systems.

2016

32
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Materials and Methods 33

Data Types and Sources 34

To acheive the study objective, simulated data basing on appropriated distributions was 35

used. Monthly data on the the following variables was simulated for a period of 14 years 36

stating from January 2010. A case study of Uganda was used. Uganda is a landlocked 37

country in eastern part of Africa. 38

Study Variables 39

The dependent variable was Neonatal measured as the monthly number of newborn 40

children dying within their first 28 days of life per district obtained by summing 41

neonatal deaths within 0-7 and 8-28 first days of life 42

The independent variables (covariates) were; 43

1. Cost measured as the monthly amount of money the district receives from 44

Ministry Of Finance through the Ministry Of Health for the implementation of 45

the seven policies obtained by dividing the annual amount by 12. 46

2. Year measured as the calendar year for which the data was recorded. 47

3. Month measured as the month of the calendar year for which the data was 48

recorded. 49

4. District measured as name of the district from which the data was recorded. 50

5. Region measured as the main administrative region in which the district is located 51

since this data is reported monthly from districts not regions. Therefore 52

regrouping of districts will be done to attain regions during Data cleaning and 53

Editing. The regions will be coded as 1 for Central, 2 for Western, 3 for Eastern 54

and 4 for Northern. 55

6. HealthfacDensity measured as the number of health centres in the district. 56

7. HcareAccess measured as number of government healthcare providers in the 57

district. 58

8. HcenterAccess measured as the distance in meters to the nearest health center 59

from the furthest household in the district. 60

9. MaternalEduc measured as average number of antenatal visits by women in the 61

district per month. 62

10. HholdInc measured as the average monthly household income in the district. 63

11. Season measured as the changes in weather conditions in the country captured as 64

(1 Dry, 0 Wet). 65

12. SDGintro measured as the time of the start of SDGs during the observation 66

period captured as (1 After, 0 Before). 67

13. HcarepolicyInfo measured as the time of the start of the 7 healthcare policies 68

shown in Table 1 during the observation period captured as (1 After, 0 Before). 69

14. Observ measured as observation time running from 1 in January 2010 to 168 in 70

December 2023. 71
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Nature of and Rationale for the Model 72

The study opted for a dynamic linear model to monitor the impact of the SDG 73

intervention on neonatal mortality by assessing the situation of neonatal mortality 74

before and after its introduction. The reason for adopting a dynamic linear model is the 75

fact that dynamic linear models constitute a flexible class of models that can deal with 76

typical features in policy monitoring and data at large. 77

General form of a Dynamic Linear Model 78

As a way of achieving the study objective: formulation of a Dynamic linear model, a 79

general Gaussian dynamic linear model was based on, presented as follows: 80

Yit = FxitQit + vt (1)
81

Qit = GtQit−1 + ωt

where Yit represents observation for the ith state at time t. 82

Fxit denotes a function of the m covariates for the ith state at time t specified as 83

f(x11, x12, . . . , xit) =

n∑
i=1

h∑
t=1

xit (2)

Qit is a vector of time carrying parameters 84

Gt is a transition matrix depicting how the model parameters evolve over time. 85

vt ∼ N (0, Vi,t) and ωt ∼ N (0,Wi,t) are respectively the observation and evolution 86

errors 87

The Formulated Study Model 88

The model has been formulated as follows; 89

Yit = β0t +
n∑

i=1

nm∑
m=1

h∑
t=1

βimtximt +

n∑
i=1

h∑
t=1

nm∑
m=1

βim(m+1)tximtxim(m+1)t + ϵt (3)

90

β0t

β11t

β112t

...
βnmh

βnm(m+1)h


=



β0(t−1)

β1m(t−1)

β112(t−1)

...
βnm(h−1)

βnm(m+1)(h−1)


+ ωt

Where: 91

Yit represents the ith district neonatal mortality rate at time t. 92

x11, x12, . . . , xnh are the m covariates including the maternal healthcare policies and 93

interventions in which case a code 0 is used for Before and 1 for After the introduction 94

of a given policy/intervention during the observation time for a given policy or 95

intervention. 96

xitmxitm(m+1) is the interaction covariate between the mth and (m+ 1)th covariate 97

including the maternal healthcare policies and interventions with βitm(m−1) as the their 98

respective coefficients, 99

β0t denotes the time varying intercept. 100
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β111, β121, . . . , βnhm are the time varying coefficient associated with each of the m 101

covariates including the maternal healthcare policies and interventions. 102

ϵt and ωt are the observation and evolution error terms respectively where 103

ϵt ∼ N (0, Vt) and ωt ∼ N (0,Wt). 104

Model Assumptions 105

The following properties will be checked for: 106

Auto-correlation: 107

The Residuals should not be autocorrelated. 108

Homoscedasciticity: 109

The residuals should have constant Variance. 110

Normality: 111

The residuals are expected to be normally distributed. 112

Parameter Estimation 113

Since the study had to make a comparison of the neonatal mortality situation in the 114

country before and after the introduction of SDGs implying that past values had much 115

influence on future values for this study, the Bayesian approach using the Kalman 116

filtering technique was considered the best method for estimating study model 117

parameters considering the fact that Bayesian approach interests itself in how a 118

particular part of the data depends on the other data parts. 119

Considering the fact that Bayesian inference has its roots from Bayes rule as noted 120

in the studies by [7] and [8], to get the final parameter estimates, the study made use 121

of the theorem through the posterior density function basing on; 122

P (β|Y ) ∝ P (Y |β)P (β) (4)

where 123

β represents a vector of parameters to be estimated 124

Y represents the observed data which is the district’s monthly neonatal mortality. 125

P(β) represents the probability distribution of the parameter vector being estimated, 126

that is to say, the update in the light of new data. This constitutes the prior probability. 127

P (Y |β) is the probability distribution of the data given the parameter being 128

estimated which constitutes the likelihood. 129

P (β|Y ) is the probability distribution of the parameter vector being estimated given 130

the data Y. This constitutes the posterior probability of the estimated parameter 131

(updated upon new data). 132

Procedure followed to estimate the model parameters 133

Rewriting the formulated model presented in (3) which is expressed in the form of two 134

equations; observation and state equations, bearing in mind the fact that the process of 135

bayesian inference involves passing from a prior distribution, P (β) to a posterior 136

distribution, P (β|Y ), estimation of its parameters was done through the Kalman 137

filtering technique. 138

Yt = XT
t βt + ϵt (5)

139

βt = βt−1 + ωt

where 140

Yt is the observed data Xt is a p-dimensional design vector of covariates an the 141

interaction terms. 142
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βt is a p-dimensional time varying parameter vector (for both covariates an the 143

interaction terms). 144

ϵt and ωt are the observation and evolution error terms respectively where 145

ϵt ∼ N (0, Vt) and ωt ∼ N (0,Wt). 146

Since the formulated model is a multivariate Gaussian state space model, basing on 147

the standard results about a multivariate Gaussian distribution pertaining its marginal 148

and conditional distributions, the random vector of parameters βt too has a Gaussian 149

distribution and the same applies to the other respective marginal and conditional 150

distributions. 151

Therefore, since all the relevant distributions are Gaussian, we use the means and 152

variances to estimate the parameters (posterior means) through the following procedure: 153

i Obtaining the prior distribution (basing on the evolution equation reflected in the 154

second line of (3)). 155

Considering the fact that a DLM is a Gaussian time space model, a normal prior 156

distribution was used for a p-dimensional state vector, first obtaining the initial 157

values where β̂0 ∼ N (m0, c0) 158

Attaining a one step ahead of the prediction of the parameter vector distribution 159

β̂t|y1:t−1 160

Obtaining the mean 161

β̂t|t−1 = E(βt|y1:t−1)

= E(E(βt|βt−1, y1:t−1)|y1:t−1)

= E(βt−1|y1:t)
= mt−1

(6)

Also obtaining the predicted covariance matrix ct|t−1 162

ct|t−1 = V ar(βt|y1:t−1)

= E(V ar(βt|βt−1, y1:t−1)|y1:t−1) + V ar(E(βt|βt−1, y1:t−1)|y1:t−1)

= Wt + ct−1

(7)

Therefore, β̂t ∼ N (mt−1, (Wt + ct−1)) 163

since our prior has been derived basing on a normal distribution, we can write its 164

probability density function as follows: 165

P (βt) =
1√

2π(Wt + ct−1)2
exp− (βt −mt−1)

2

2(Wt + ct−1)2
(8)

ii Obtaining the likelihood distribution function (basing on the observation equation 166

reflected in the first line of (3)) . 167

Obtaining the predicted (one step) distribution function of Yt (the observed 168

value): Y t|y1:t−1 169

Let Y t|y1:t−1 ∼ N (nt, st) Obtaining the mean, nt 170

nt = E(Yt|y1:t−1)

= E(E(Yt|βt, y1:t−1)|y1:t−1)

= E((XT
t βt)|y1:t−1)

= X ′
tβt

(9)

while 171
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st = V ar(Yt|y1:t−1)

= E(V ar(Yt|βt, y1:t−1)|y1:t−1) + V ar(E(Yt|βt, y1:t−1)|y1:t−1)

= Vt +Xtct|t−1X
′
t

(10)

Therefore, Yt ∼ N (X ′
tβt, (Vt +Xtct|t−1X

′
t)) 172

Since the observed value variable follows a normal distribution, we can write its 173

likelihood function probability density function as follows; 174

P (Yt|βt) =
1√

2π(Vt +Xtct|t−1X
′
t)

2
exp− (Yt −X ′

tβt)
2

2(Vt +Xtct|t−1X
′
t)

2
(11)

iii Obtaining the posterior distribution 175

From (4), expression derived from Bayes theorem, we are able to obtain the 176

posterior probability density function by multiplying (11) with (8) and hence 177

obtaining the probability density function of the posterior distribution function as 178

follows; 179

P (βt|Yt) =
1√

2π(Wt + ct−1)2(Vt +Xtct|t−1X
′
t)

2
exp−

(βt −mt−1)2

2(Wt + ct−1)2
−

(Yt −X′
tβt)2

2(Vt +Xtct|t−1X
′
t)

2
(12)

Since both the prior and likelihood distributions are guassian, then the resulting 180

posterior is also guassian. If we let the posterior βt|Yt ∼ N (dt, pt), from the first 181

property of a gaussian distribution pertaining the probability density function, we can 182

be able to obtain the values of dt , pt by simplifying the right hand side of (12); 183

P (βt|Yt) = 1√
2π(Wt+ct−1)2(Vt+Xtct|t−1X

′
t)

2
exp−

−2(Vt+Xtct|t−1X
′
t)

2(βt−mt−1)
2−2(Wt+ct−1)

2(Yt−X′
tβt)

2

4(Wt+ct−1)2(Vt+Xtct|t−1X
′
t)

2 (13)

= 1√
2π(Wt+ct−1)2(Vt+Xtct|t−1X

′
t)

2
exp

−(Wt+ct−1)
2((Yt−X′

tβt)
2)

2(Wt+ct−1)2(Vt+Xtct|t−1X
′
t)

2 (14)

= 1√
2π(Wt+ct−1)2(Vt+Xtct|t−1X

′
t)

2
exp

−(Yt−X′
tβt)

2

2(Vt+Xtct|t−1X
′
t)

2 (15)

From (13), 184

dt = ϵt, pt = (Wt + ct−1)
2(Vt +Xtct|t−1X

′
t)

2 = (Vt +Xtct|t−1X
′
t)

2 = (Wt + ct−1)
2

Therefore, βt|Yt ∼ N (ϵt, (Wt + ct−1)2) 185

Model Validation 186

To check the model fitness, analysis of residuals was done. Posterior means and credible 187

intervals for parameters were estimated and by use of trace and means plots, 188

convergence was tested. 189

To validate the model, the study conducted the following residual tests on; 190

autocorrelation, heteroscedasticity, and normality using the Durbin-Watson test, the 191

Breusch Pagan test, and the Shapiro-Wilk test respectively and hypotheses testing was 192

done. 193

To verify the above model properties, tests were carried out using the following 194

hypotheses: 195

H01: Residuals are not auto-correlated Vs H11: Residuals are auto-correlated. 196

H02: Residuals have constant variance Vs H12: Residuals do not have constant 197

variance. 198

H03: Residuals are normally distributed H13 Vs H01: Residuals are not normally 199

distributed. 200
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Test Statistics, Critical Values, and the Decision Rule 201

While testing for autocorrelation of residuals, the Durbin-Watson test was used. To 202

obtain its test statistic, the following formula was used: 203

DW =

∑T
t=2(et − et−1)

2∑T
t=1 e

2
t

(16)

where 204

et = the residuals from the regression model. 205

T = the number of observations. 206

Pertaining the critical value and the decision rule, we based on the fact that the DW 207

(value) ranges between 0 and 4; since the DW value approaching 2 indicates no 208

autocorrelation, the value approaching 0 indicates positive autocorrelation, and the 209

value approaching 4 indicates negative autocorrelation. 210

While testing for homoscedasticity of residuals, the Breusch Pagan test was used 211

whereby to obtain its test statistic, the following formula was used: 212

BP =
nR2

adj

2
(17)

where 213

n = number of observations 214

R2
adj = R-squared value obtained by regressing the squared residuals from the 215

original regression on the independent variables, their squares, and their cross products. 216

This regression is known as Auxiliary regression. 217

About the critical value and the decision rule, the fact that the test statistic of 218

Breusch Pagan follows a chi-square distribution with degrees of freedom equal to the 219

number of independent variables in the auxiliary regression, the study compares the test 220

statistic value with the critical (tabulated) value to decide on rejecting the null 221

hypothesis. 222

While testing whether the residuals are normally distributed, Shapiro-Wilk’s test was 223

used whereby the following formula was used to obtain its test statistic denoted as W: 224

W =
(
∑n

i=1 aie(i))
2∑n

i=1(ei − ē)2
(18)

where 225

e(i) = ordered residuals from smallest to largest. 226

ē = mean of the residuals. 227

ai = constants derived from the expected values of the order statistics of a standard 228

normal distribution computed using statistical software. 229

n = number of observations. 230

On the critical value and the decision rule, these were determined based on the fact 231

that W ranges between 0 and 1; values of W close to 1 suggest that the residuals are 232

approximately normally distributed whereas lower values indicate deviations from 233

normality. 234

Software and Tools 235

The study used R with the most relevant libraries for data processing and statistical 236

data analysis. For instance the study used thr r-JAGS package while fitting the model. 237
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Results and Discussions 238

Model Validation Results and Discussion 239

The following conclusions have been made regarding Model validation: 240

Basing on the results in output 1: 241

While testing for auto-correlation of residuals whereby the Durbin-Watson test was 242

used, basing on the fact that the Durbin-Watson value (DW = 0.07253) ranges between 243

0 and 2, this indicates no auto-correlation of the residuals. 244

While testing for homoscedasticity of residuals under which the Breusch Pagan test 245

was used, by the fact that the probability value of the of Breusch Pagan test statistic 246

(p-value = 0.3755) is greater than 0.05, we fail to reject the null hypothesis and 247

conclude that Residuals have constant variance. 248

While testing whether the residuals are normally distributed whereby Shapiro-Wilk’s 249

test was used, basing on the fact that Shapiro-Wilk’s test value W ranges between 0 250

and 1; since W (W = 0.9963) is close or equal to 1, it suggests that the residuals are 251

normally distributed. 252

Therefore, the model fulfills the expected assumptions of no autocorrelation, 253

homoscedasticity and normality of residuals. 254

Listing 1. Model Validation Test Statistics
255

Durbin Watson Test 256

257

DW = 0.07252603 258

259

s tudent i z ed Breusch−Pagan t e s t 260

261

BP = 11 .844 , df = 11 , p−value = 0.3755 262

263

Shapiro−Wilk normal i ty t e s t 264

265

W = 0.99627 , p−value = 0.01639 266
267

Model Convergence Results and Discussion 268

From the sample of Traces and Density plots in the output in figures 1 and 2 attached, 269

there is evidence that the model parameters are time dependent and a few are 270

influenced by external factors as evidenced from the traces plots of variables and their 271

density plots which too further prove that they follow a normal distribution.

Fig 1. Trace plot of model parameters

Fig 2. Density plot of model parameters

272
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Parameter Estimation Results and Discussion 273

From the means and quantiles of parameters as reported in 2, most of the variables have 274

a positive influence on the dependent variable (Neonatal Mortality) with the exemption 275

of health center access and household income as reported under means whereas 276

regarding the quantiles, most of the variables significantly influence the outcome 277

variables since their extreme quantiles are non zero. 278

Listing 2. Means and Quantiles
279

280

I t e r a t i o n s = 2001:7000 281

Thinning i n t e r v a l = 1 282

Number o f cha ins = 4 283

Sample s i z e per chain = 5000 284

285

1 . Empir ica l mean and standard dev i a t i on f o r each var i ab l e , 286

plus standard e r r o r o f the mean : 287

288

Mean SD Naive SE Time−s e r i e s SE 289

beta ENAP 1.152 e+00 2 .584 e−01 1 .827 e−03 2 .246 e−03 290

beta ENAP MPDSR 2.331 e−01 3 .013 e−01 2 .131 e−03 5 .348 e−03 291

beta ENAP QUINH 4.666 e−02 3 .097 e−01 2 .190 e−03 5 .132 e−03 292

beta ENAP SMGL 2.378 e−01 3 .051 e−01 2 .157 e−03 4 .966 e−03 293

beta ENAP UNNSC 4.984 e−02 3 .130 e−01 2 .213 e−03 4 .770 e−03 294

beta MPDSR 5.254 e−01 2 .691 e−01 1 .903 e−03 2 .162 e−03 295

beta MPDSR QUINH 4.777 e−02 3 .091 e−01 2 .185 e−03 4 .935 e−03 296

beta NHSDP 8.749 e−01 2 .718 e−01 1 .922 e−03 2 .050 e−03 297

beta NHSDP MPDSR 2.367 e−01 3 .003 e−01 2 .123 e−03 4 .898 e−03 298

beta NHSDP QUINH 4.317 e−02 3 .024 e−01 2 .139 e−03 4 .975 e−03 299

beta NHSDP SMGL 2.386 e−01 3 .031 e−01 2 .144 e−03 5 .260 e−03 300

beta NHSDP UNNSC 4.502 e−02 3 .085 e−01 2 .182 e−03 5 .058 e−03 301

beta QUINH 9.607 e−01 2 .504 e−01 1 .771 e−03 2 .204 e−03 302

beta RMNCAH 7.537 e−01 2 .552 e−01 1 .805 e−03 2 .387 e−03 303

beta RMNCAH MPDSR 4.714 e−02 3 .057 e−01 2 .161 e−03 4 .548 e−03 304

beta RMNCAH NHSDP 5.441 e−02 3 .065 e−01 2 .167 e−03 5 .105 e−03 305

beta RMNCAH QUINH 4.936 e−02 3 .081 e−01 2 .179 e−03 4 .949 e−03 306

beta RMNCAH SMGL 5.105 e−02 3 .067 e−01 2 .169 e−03 5 .167 e−03 307

beta RMNCAH UNNSC 4.736 e−02 3 .066 e−01 2 .168 e−03 5 .192 e−03 308

beta SDGintroAfter 1 .773 e−01 3 .186 e−01 2 .253 e−03 5 .717 e−03 309

beta SDGintroBefore 1 .718 e+00 3 .160 e−01 2 .234 e−03 6 .277 e−03 310

beta SMGL 7.162 e−01 2 .613 e−01 1 .848 e−03 2 .134 e−03 311

beta SMGL MPDSR 2.300 e−01 2 .995 e−01 2 .118 e−03 5 .231 e−03 312

beta SMGL QUINH 4.228 e−02 3 .133 e−01 2 .216 e−03 5 .369 e−03 313

beta SMGL UNNSC 4.649 e−02 3 .132 e−01 2 .215 e−03 5 .345 e−03 314

beta UNNSC 8.606 e−01 2 .748 e−01 1 .943 e−03 2 .247 e−03 315

beta UNNSC MPDSR 5.391 e−02 3 .134 e−01 2 .216 e−03 5 .067 e−03 316

beta UNNSC QUINH 4.635 e−02 3 .077 e−01 2 .176 e−03 4 .913 e−03 317

be t a co s t 5 .245 e−02 1 .452 e−02 1 .027 e−04 6 .962 e−04 318

be ta hca r ea c c e s s 1 .181 e−01 3 .757 e−02 2 .657 e−04 1 .405 e−03 319

be t a hc en t e r a c c e s s 6 .414 e−05 5 .435 e−05 3 .843 e−07 1 .077 e−06 320

be t a h ea l t h f a cd en s i t y 3 .917 e−02 4 .846 e−02 3 .427 e−04 1 .587 e−03 321

beta hho ld inc −7.062e−07 5 .448 e−07 3 .852 e−09 1 .047 e−08 322

beta maternaleduc 7 .260 e−02 1 .055 e−02 7 .456 e−05 6 .616 e−04 323

b e t a r e g i o n c e n t r a l 7 .739 e−01 2 .551 e−01 1 .804 e−03 2 .709 e−03 324

be t a r e g i on e a s t e r n 7 .833 e−01 2 .583 e−01 1 .827 e−03 2 .612 e−03 325

be ta r eg i onnor the rn 1 .084 e+00 2 .580 e−01 1 .824 e−03 2 .675 e−03 326

be ta r eg i onwes t e rn 8 .729 e−01 2 .583 e−01 1 .826 e−03 2 .719 e−03 327

beta seasonDry 6 .891 e−01 2 .681 e−01 1 .896 e−03 4 .136 e−03 328

beta seasonWet 1 .207 e+00 2 .673 e−01 1 .890 e−03 4 .076 e−03 329

330

2 . Quant i l e s f o r each va r i ab l e : 331

332

2.5% 25% 50% 75% 97.5% 333

beta ENAP 6.432 e−01 9 .762 e−01 1 .153 e+00 1 .326 e+00 1 .662 e+00 334

beta ENAP MPDSR −3.616e−01 3 .183 e−02 2 .368 e−01 4 .376 e−01 8 .220 e−01 335

beta ENAP QUINH −5.666e−01 −1.597e−01 4 .949 e−02 2 .538 e−01 6 .510 e−01 336
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beta ENAP SMGL −3.624e−01 2 .994 e−02 2 .387 e−01 4 .475 e−01 8 .257 e−01 337

beta ENAP UNNSC −5.569e−01 −1.618e−01 4 .630 e−02 2 .608 e−01 6 .692 e−01 338

beta MPDSR −1.461e−02 3 .463 e−01 5 .269 e−01 7 .055 e−01 1 .050 e+00 339

beta MPDSR QUINH −5.538e−01 −1.622e−01 4 .518 e−02 2 .559 e−01 6 .590 e−01 340

beta NHSDP 3.432 e−01 6 .898 e−01 8 .751 e−01 1 .059 e+00 1 .409 e+00 341

beta NHSDP MPDSR −3.530e−01 3 .504 e−02 2 .379 e−01 4 .398 e−01 8 .216 e−01 342

beta NHSDP QUINH −5.551e−01 −1.614e−01 4 .253 e−02 2 .474 e−01 6 .301 e−01 343

beta NHSDP SMGL −3.602e−01 3 .566 e−02 2 .377 e−01 4 .444 e−01 8 .344 e−01 344

beta NHSDP UNNSC −5.583e−01 −1.638e−01 4 .305 e−02 2 .533 e−01 6 .500 e−01 345

beta QUINH 4.741 e−01 7 .904 e−01 9 .607 e−01 1 .129 e+00 1 .454 e+00 346

beta RMNCAH 2.486 e−01 5 .819 e−01 7 .533 e−01 9 .234 e−01 1 .258 e+00 347

beta RMNCAH MPDSR −5.505e−01 −1.564e−01 4 .663 e−02 2 .529 e−01 6 .456 e−01 348

beta RMNCAH NHSDP −5.344e−01 −1.520e−01 5 .418 e−02 2 .602 e−01 6 .624 e−01 349

beta RMNCAH QUINH −5.524e−01 −1.582e−01 4 .569 e−02 2 .563 e−01 6 .589 e−01 350

beta RMNCAH SMGL −5.579e−01 −1.518e−01 5 .475 e−02 2 .554 e−01 6 .465 e−01 351

beta RMNCAH UNNSC −5.578e−01 −1.569e−01 4 .910 e−02 2 .526 e−01 6 .521 e−01 352

beta SDGintroAfter −4.448e−01 −4.012e−02 1 .739 e−01 3 .911 e−01 8 .022 e−01 353

beta SDGintroBefore 1 .087 e+00 1 .508 e+00 1 .718 e+00 1 .934 e+00 2 .323 e+00 354

beta SMGL 2.058 e−01 5 .394 e−01 7 .159 e−01 8 .914 e−01 1 .233 e+00 355

beta SMGL MPDSR −3.487e−01 2 .303 e−02 2 .317 e−01 4 .312 e−01 8 .173 e−01 356

beta SMGL QUINH −5.720e−01 −1.686e−01 4 .304 e−02 2 .527 e−01 6 .604 e−01 357

beta SMGL UNNSC −5.618e−01 −1.646e−01 4 .642 e−02 2 .540 e−01 6 .677 e−01 358

beta UNNSC 3.275 e−01 6 .775 e−01 8 .605 e−01 1 .044 e+00 1 .409 e+00 359

beta UNNSC MPDSR −5.629e−01 −1.560e−01 5 .650 e−02 2 .681 e−01 6 .563 e−01 360

beta UNNSC QUINH −5.535e−01 −1.610e−01 4 .598 e−02 2 .538 e−01 6 .474 e−01 361

be t a co s t 2 .382 e−02 4 .267 e−02 5 .252 e−02 6 .232 e−02 8 .081 e−02 362

be ta hca r ea c c e s s 4 .592 e−02 9 .275 e−02 1 .178 e−01 1 .432 e−01 1 .920 e−01 363

be t a hc en t e r a c c e s s −4.271e−05 2 .771 e−05 6 .424 e−05 1 .007 e−04 1 .691 e−04 364

be t a h ea l t h f a cd en s i t y −5.603e−02 6 .279 e−03 3 .932 e−02 7 .201 e−02 1 .351 e−01 365

beta hho ld inc −1.773e−06 −1.076e−06 −6.998e−07 −3.360e−07 3 .542 e−07 366

beta maternaleduc 5 .126 e−02 6 .594 e−02 7 .275 e−02 7 .947 e−02 9 .344 e−02 367

b e t a r e g i o n c e n t r a l 2 .744 e−01 6 .047 e−01 7 .724 e−01 9 .445 e−01 1 .272 e+00 368

be t a r e g i on e a s t e r n 2 .800 e−01 6 .074 e−01 7 .822 e−01 9 .571 e−01 1 .288 e+00 369

be ta r eg i onnor the rn 5 .750 e−01 9 .094 e−01 1 .087 e+00 1 .257 e+00 1 .584 e+00 370

be ta r eg i onwes t e rn 3 .676 e−01 6 .979 e−01 8 .713 e−01 1 .047 e+00 1 .383 e+00 371

beta seasonDry 1 .602 e−01 5 .093 e−01 6 .897 e−01 8 .690 e−01 1 .206 e+00 372

beta seasonWet 6 .842 e−01 1 .027 e+00 1 .206 e+00 1 .387 e+00 1 .732 e+00 373
374

Conclusion 375

The study has been able to develop a dynamic linear model that can be used to monitor 376

health care policies individually and also assess the possibility of interaction between 377

any two policies such wastage of resources on duplicated policies is avoided. 378
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Supporting information 379

S1 Fig. Model Convergence (trace plot). Trace plot of model parameters 380

S2 Fig. Model Convergence (density plot). Density plot of model 381

parameters 382

S1 File. R code The R script used for data processing and analysis is provided as a 383

supplementary file named ‘script.R‘. 384
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