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ABSTRACT

Background: Screening and counselling is the most effective way to prevent the 
birth of children with thalassemia major. An accurate and relatively less time-
consuming protocol is necessary to screen large populations. Separating iron 
deficiency anaemia from thalassemia trait based on blood cell parameters has 
been used by hematologists for many years. We aimed to design a new approach 
to screen the microcytic populations.
Methods: Blood cell parameters and chromatography were used to screen the 
populations traditionally. Validating the result with a five-point decision tree 
analysis with two equations based on cut-off values of five blood cell parameters 
was performed. 2984 participants were screened traditionally, of which 289 were 
found to be beta-thalassemia trait, 63 were Hemoglobin E carriers, 15 were found 
to be Hemoglobin D (Hb D) Punjab, 4 hereditary persistent fetal hemoglobin 
(HPFH), and 14 belonged to beta thalassemia traits with HbA2 levels between 
3.3% to 3.8% associated with reduced mean corpuscular volume (MCV) and 
mean corpuscular haemoglobin (MCH) (borderline cases).
Results: In the decision tree approach, 51.3% with beta thalassemia trait 
and 11.65% Hb E carriers were detected perfectly. 27% of participants were 
detected as non-thalassemia carriers which could be excluded from further 
chromatographic analysis.
Conclusion: During the early stages of the carriers screening program, a large 
portion of the sample could be excluded, based on segregating the IDA and 
thalassemia carrier population. Decision tree analysis and equation derived from 
the regression are essential to from limit of exclusion which implies significant 
cost reductions. 
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Introduction
Hemoglobinopathies are a group of inherited disorders 
associated with production of abnormal hemoglobins. 
According to the World Health Organization1 and the 
Thalassemia International Federation,2 more than 330,000 
infants affected with various haemoglobin disorders are 
born annually. Most of them are originated from Southeast 
Asia, India, Mediterranean and Middle Eastern ethnic 
populations. The incidence of thalassemia mutations is 

different in different parts of the world reported about 
13% in Africa, 4% in Asia, and 2% in the United States.3, 4 

In India, the prevalence of hemoglobinopathies is 
estimated to be 1.2 per 1000 births.5 With roughly 27 million 
births per year,6 this implies approximately 32,400 children 
are born annually with a severe hemoglobin abnormality.

According to Sinha et al.,7 the blood requirement for the 
treatment of thalassemia major will increase to 9.24 million 
units in India by 2026. The treatment of thalassemia is 
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expensive, so prevention of thalassemia is the best way 
to control this disease. Birth of children with thalassemia 
major can be prevented by restricting childbirth in couples 
with thalassemia minor.8 Thus, carrier detection and 
effective counselling could reduce the birth rate of children 
with thalassemia major.9 In India, still a high percentage 
of high-risk couples get married. As half of the Indian 
population belong to the age group of below 25 years.1 
Premarital screening and counselling of this population 
would be effective for controlling the major consequences.10

Distinctive screening projects have been initiated 
throughout India with different thalassemia carrier 
profiles, but there is no adequate data setto be able to 
validate a localized preventive measure.11 

Since, the clinical manifestation and laboratory indexes 
of thalassemia trait and iron deficiency anemia (IDA) 
may be similar, the discrimination between these two 
entities is important. The traditional approach to screen 
a thalassemia carrier is to analyse the hematological 
parameters and chromatographic pattern of the blood 
sample.12 There are numerous reports suggesting a second 
approach to screen normal subjects and thalassemia 
carriers based on the hematological parameters which are 
inexpensive and less time consuming.13, 14 Many studies 
have used RBC indices to discriminate thalassemia 
carriers from normal population. These studies suggested 
mathematical models which can exclude 3.8-29.32% of 
populations with 71.43-92.08% of fidelity.13, 14 Since these 
models have a minor chance to attribute a thalassemia 
carrier as normal, there may be major drawbacks. 
Although there are very few chances, this might adversely 
results in birth of newborns with thalassemia major. 
Therefore, a reliable alternative model is necessary to 
be able to precisely and reliably exclude normal samples 
by chromatographical studies.

The objective of this study was to screen thalassemia 
carriers using RBC parameters and chromatographic 
techniques that create an approach to differentiate normal 
population from thalassemia carriers. In this model, we 

consider the fidelity of the approach over its efficiency. 

Materials and Methods
This study; approved by the Institutional Ethical 
Approval Committee, Panskura Banamali College, West 
Bengal, India, was carried out over three consecutive 
years (2017-2020). Written consent was obtained from 
participants for evaluation of thalassemia and other 
hemoglobinopathies status as per the institutional norms. 
A unique identification number was assigned to each 
participant, which was used throughout the study.

Sample Collection and Preparation
Five millilitres of blood sample was collected in a tube 

containing ethylene diamine tetraacetic acid (EDTA) and 
stored at 2-8 °C. The complete blood count was done by 
an automated cell counter (Sysmex XT-2000i).

High-performance Liquid Chromatography (HPLC)
The samples were screened by cationic exchange 

high-pressure liquid chromatography method using 
the VARIANT II instrument, Bio-Rad Laboratories 
(Hercules, CA, USA). Chromatograms were generated 
based on the ratio between the hemoglobin fragments 
and retention time (RT).

Score Construction and Equation Formation
The statistical analyses were done in this study using the 

IBM®SPSS® version 26 statistical software package. The 
total population was subdivided into the non-microcytic 
(MCV>78 fl) and microcytic groups (MCV<78 fl), 
respectively.15, 16 A cut-off value was set using Hb, RBC, 
HCT, MCV, and MCH by the decision tree analysis 
method.14 The beta-thalassemia minor population was 
separated from the microcytic group using the cut-off 
values obtained from decision tree analysis. Similarly, 
another cut-off value was set as the above-described 
method for separating the normal population from the 
microcytic population (Tables 1 and 2). 

Table 1: Derived limits using decision tree method for beta thalassemia minor population
5.0435 11.0831 21.8827 40.0997 78.7204 Percent Correct

5.0435 1 0 0 0 0 100.0%
11.0831 1 0 0 0 0 0.0%
21.8827 1 0 0 0 0 0.0%
40.0997 1 0 0 0 0 0.0%
78.7204 1 0 0 0 0 0.0%
Overall Percentage 100.0% 0.0% 0.0% 0.0% 0.0% 20.0%
Growing Method: Exhaustive CHAID; Dependent Variable: beta thalassemia minor

Table 2: Derived limits using decision tree method for normal population
4.0921 11.8030 26.8886 39.6264 78.5701 Percent Correct

4.0921 1 0 0 0 0 100.0%
11.8030 1 0 0 0 0 0.0%
26.8886 1 0 0 0 0 0.0%
39.6264 1 0 0 0 0 0.0%
78.5701 1 0 0 0 0 0.0%
Overall Percentage 100.0% 0.0% 0.0% 0.0% 0.0% 20.0%
Growing Method: Exhaustive CHAID;  Dependent Variable: Normal
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To develop a prediction algorithm for target variables 
among the above-mentioned parameters and establishing 
classification systems, the decision tree analysis method 
was used.17 After selection of the most likelihood 
parameter, an equation was formed by using multiple 
linear regression to derive a cut-off value.18

For further validation, a commonly used indexing 
protocol was determined. Sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV), 
efficiency, and Youden’s index (YI) were determined 
and compared with the different previous models for 
efficiency. The parameters were calculated as follows.
Sensitivity=[True Positive/(True Positive+False 
Negative]×100
Specificity=[True Negative/(True Negative+False 
Positive)]×100
Positive Predictive Value=[True Positive/(True 
Positive+False Positive)]×100
Negative Predictive Value=[True Negative/(True 
Negative+False Negative)]×100
Youden’s Index=(Sensitivity+Specificity)-100.14

Results
During the mentioned period, 2984 participants were 
screened using chromatographic method. 385 were found 
to be carriers for thalassemia mutations (12.89% of the 
sample), which was higherthan the carrier frequency of 
West Bengal.19 Among the 385 carriers, 289 were found 
to be beta-thalassemia trait, 63 were heterozygote for 
haemoglobin E, 15 heterozygotes for haemoglobin D 
Punjab, 4 for hereditary persistent fetal hemoglobin 
(HPFH), and 14 belonged to beta thalassemia traits with 
HbA2 levels between 3.3% to 3.8%.20

Using the above dataset, an alternative screening 
approach was developed to separate the true negative 
normal population from the rest without any false-
negative result. The dataset was first divided into two sub-

populations based on the HPLC results. The descriptive 
statistics like mean, standard deviation, Skewness, and 
Kurtosis and range of beta thalassemia minor (Table S1) 
and normal population (Table S3) were calculated. 

Decision tree analysis was drawn with the mean of 
two above populations by chi-square values under 95% 
confidence level shown in Table 1 and Table 2. Exhaustive 
Chi-square automatic interaction detection was used as 
growing method in the decision tree analysis.

According to the results of the decision tree analysis, 
the following cut-off points of the variables (Hb, RBC, 
HCT, MCV, and MCH) were derived for separating 
the beta thalassemia minor population: Hb≤11.083 g/
dL, RBC≥5.0435/mm3, HCT≤40%, MCV≤78.7 fL, and 
MCH≤21.8827 pg/cell.

Similarly, for separating the normal population from the 
microcytic population, the cut-off points were: H ≥11.8 
g/dL, RBC≥4.09 mm3, HCT≥39.6%, MCV≥78.5 fL, and 
MCH≥26.8 pg/cell.

The microcytic and non-microcytic populations were 
segregated by a cut-off value of MCV (78 fl).15, 16 Multiple 
linear regression methods were used for separating the 
normal population from beta thalassemia minor and other 
microcytic groups accompanied with Durbin-Watson auto 
correction and 95% confidence level and t score (Table 3).

The equation for separating the true normal population 
from microcytic subpopulation was derived according to 
the results from Table 3.

Cut-off limit for each red blood cell parameter was 
derived using decision tree analysis on the training 
population (Table 1 for thalassemia minor and Table 2 
for normal population).  

The cut off value equation: 3.667-0.01Hb+0.001HCT-
0.004MCV+0.064MCH (Eq.1) was drawn by parameters 
in multiple linear regression (Table 3).

After using the limits derived by decision tree analysis 
for normal population in the above equation, a threshold 

Table 3: T-score and 95% confidence interval for equation formation using multiple linear regression
Model Unstandardized 

Coefficients
Standardized 
Coefficients 
(Beta)

t-score Sig. 95.0% Confidence Interval 
for B

B Std. Error Lower 
Bound

Upper 
Bound

1 (Constant) 3.666 1.863 1.968 0.051 -0.017 7.349
HBE -0.01 0.033 -0.026 -0.315 0.753 -0.075 0.055
HCT 0.001 0.013 0.01 0.12 0.905 -0.023 0.026
MCV -0.004 0.011 -0.028 -0.338 0.736 -0.026 0.019
MCH 0.064 0.049 0.108 1.293 0.198 -0.034 0.161

aDependent Variable: RBC

Table 4: Comparative outcomes of proposed scoring mechanisms with existing and derived indices.
Index Formula Beta thalassemia 

minor
Sensitivity Specificity PPV NPV Youden’s 

Index
Mentzer23 MCV/RBC <13 71 95 95 97 75
Srivastava24 MCH/RBC <3.8 62 90 78 76 52
Shine & Lal21 (MCV2×MCH)/100 <1530 98 71 91 87 69
Jayabose et al.25 (MVC×RDW)/RBC <220 53 95 65 78 48
Sirdahet al.26 MCV-RBC-3Hb <27 67 97 58 73 64
Ehsani et al.22 MCV − (10 × RBC) <15 90 97 58 96 87
The current study) Equation 1 <4.961 100 94 66 100 94
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level of ≥4.961 was obtained. 
This approach was further validated by a test dataset 

of 108 samples (Table S6) of HPLC screening reports. 
Among 108 participants, 11 samples were screened as 
beta thalassemia minor and 3 samples were heterozygotes 
for Hb E. The rest of population was normal. After 
applying the proposed model (Figure 1) and equation 
1 to the test dataset, 29 true normal samples (Table S7) 
were detected, where no further HPLC test was needed, 
which is around 26.85 % without any false-negative for 
the dataset.

Discussion
Several studies were conducted to determine and compare 
the efficiency of the RBC indices for differentiating IDA 
from beta thalassemia minor as shown in Table S8. Shine 
and Lal index,21 and Ehsani index22, 23 have a very high 
sensitivity (Table 4). Youden’s Index value increases 
where both the sensitivity and specificity are high. This 
study showed a higher value than Youden’s index without 
false negative results. Bhargavetet al. also demonstrated 
different cut-off values proposed by different scientists 
(Table 4). Roth et al.12 have proposed a new algorithm to 
separate the IDA population, but none of these separate 
the false negative ones with 100 % efficiency.

Das et al. proposed a five-point decision tree method 
based on the multilayer perceptron model with more 
than 99% accuracy to separate beta thalassemia minor 
from IDA population14 Considering the limits and cut-
off values of this study, more than 21% of the separated 
normal population were “True negative”. By applying 
this model, two Hb E carriers found to be false negative 
samples. The proposed model of this study could decrease 
the necessity of HPLC with no false-negative results. 

Conclusion
Based on the combined impact of Hb, RBC counts, MCV, 
MCH, and RDW a decision strategy was developed. The 
goal was not to miss any, even if it means examining 
additional HPLC instances which may turn out to have 
a normal HPLC pattern. Most importantly, the scores 
effectively predicted the true positive rate. As a result, a 
major portion of the population can be screened out at the 
early stages of the carrier screening programm, leading 
to significant savings in health expenditure. After the 
implementation of the proposed approach, around 26.85% 
of the test dataset could be eliminated from further HPLC 
screening. The results of this study could almost exclude 
chromatographic screening with 100% fidelity in our 
dataset. This approach needs to be further assessed with 
different datasets.
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SUPPLEMENTARY DATA
Model formation:
Determination of score from decision tree analysis:
Decision tree methodology is a commonly used data mining method for establishing classification systems based on multiple covariates 
or for developing prediction algorithms for a target variable. This method classifies a population into branch-like segments that 
construct an inverted tree with a root node, internal nodes, and leaf nodes. Based on the desired method of selecting input variables, 
the user goes to the dialogue box for the corresponding algorithm.  

Table S1: Descriptive Statistics in beta thalassemia minor
N Range Mini-

mum
Maxi-
mum

Mean Std. 
Deviation

Skewness Kurtosis

Statistic Statistic Statistic Statistic Statistic Std. 
Error

Statistic Statistic Std. 
Error

Statistic Std. 
Error

RBC 289 4.45 3.14 7.59 5.0435 0.04290 0.72929 0.214 0.143 0.660 0.286
Haemoglobin 289 7.30 7.90 15.20 11.0831 0.09188 1.56200 0.329 0.143 -0.087 0.286
HCT 289 25.50 26.80 52.30 40.0997 0.37805 6.42687 0.096 0.143 -0.998 0.286
MCV 289 64.90 39.20 104.10 78.7204 0.84994 14.44904 -0.053 0.143 -1.282 0.286
MCH 289 12.90 16.30 29.20 21.8827 0.19548 3.32324 0.368 0.143 -0.774 0.286
Valid N 
(listwise)

289

Table S2: Descriptive Statistics in IDA and beta thalassemia minor
N Range Mini-

mum
Maxi-
mum

Mean Std. 
Deviation

Skewness Kurtosis

Statistic Statistic Statistic Statistic Statistic Std. 
Error

Statistic Statistic Std. 
Error

Statistic Std. 
Error

RBC 804 3.53 4.06 7.59 5.1983 0.02339 0.66325 1.022 0.086 1.212 0.172
HAE 804 11.50 7.60 19.10 12.5846 0.07496 2.12556 0.411 0.086 0.967 0.172
HVT 804 29.00 26.80 55.80 38.9512 0.16942 4.80396 0.510 0.086 1.655 0.172
MCV 804 38.60 39.20 77.80 71.7949 0.19529 5.53737 -1.233 0.086 2.043 0.172
MCH 804 14.50 16.30 30.80 25.3050 0.12735 3.61107 -0.736 0.086 -0.507 0.172
Valid N 
(listwise)

804

Table S3: Descriptive Statistics 
N Range Mini-

mum
Maxi-
mum

Mean Std. 
Deviation

Skewness Kurtosis

Statistic Statistic Statistic Statistic Statistic Std. 
Error

Statistic Statistic Std. 
Error

Statistic Std. 
Error

RBC 1992 3.35 3.76 7.11 5.0133 0.01335 0.59564 1.135 0.055 2.278 0.110
HAE 1992 11.50 7.60 19.10 12.8030 0.04276 1.90830 0.152 0.055 1.860 0.110
HCT 1992 42.50 13.30 55.80 39.6264 0.10476 4.67548 0.372 0.055 2.304 0.110
MCV 1992 17.60 78.50 96.10 84.3701 0.09669 4.31530 0.350 0.055 -1.159 0.110
MCH 1992 14.10 16.90 31.00 26.8886 0.05630 2.51281 -1.275 0.055 2.306 0.110
Valid N 
(listwise)

1992

Equation formation by multiple linear regression:
Using multilayer perceptron  analysis, the Likelihood Ratio was derived which suggested MCH as a primary predictor variable, 
multiple logistic regression also proved that. The Model Information table describes the data set, the response variable, the number 
of response levels, the type of model, and the algorithm used to obtain the parameter estimates.
The Optimization Technique was the iterative numerical technique that PROC LOGISTIC uses to estimate the model parameters. 
The model was assumed to be binary logit when there were exactly two response levels.
For MCH the Model Fit Statistics table reports the results of three goodness-of-fit tests measures:
AIC or Akaike Information Criterion adjusts for the number of predictor variables
SC or Schwarz’s Bayesian Criterion or SBC adjusts for the number of predictor variables and the number of observations. SC uses 
a bigger penalty for extra variables, and therefore, favours more parsimonious models
 -2 Log L, which is -2 times the natural log of the likelihood. The score could be reduced by adding more regression parameters to 
the model. Which was used to compare the fit of models that use different numbers of parameters of nested models using likelihood 
ratio tests for measuring relative fit for comparing models and smaller values for all these measures indicate better fit.
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The univariate measures of parameter MCH were found to be the lowest as compared to all other parameters, leading to its selection 
as a primary predictor in the discussed model.
The Global Tests table, Testing Global Null Hypothesis: BETA=0, provides three statistics to test the null hypothesis that all regression 
coefficients of the model were 0. A significant p-value (Pr>ChiSq) provides evidence of regression coefficients for the predictor 
variable, MCH was significantly different from 0. It was most significant when fared against other contributing parameters in the 
discussed model. The Likelihood Ratio Chi-Square value was calculated as the difference between the -2 Log L value of the baseline 
model (intercept only) and the -2 Log L value of the hypothesized model (intercept and covariates). The Score and Wald tests were 
also used to test whether all the regression coefficients were 0, and all three tests were asymptotically equivalent and often give 
very similar values. The Wald Chi-Square and associated p-value ensure the parameter, MCH estimate is statistically significant. 
The degrees of freedom  were equal to the difference in several parameters between the hypothesized model and the baseline model. 
Here predictor, MCH, has been compared to the intercept-only model. The Parameter Estimates table, Analysis of Maximum Likelihood 
Estimates, lists the estimated model parameters, their standard errors, Wald Chi-Square values, and p-values. 
Here, the logistic regression equation is logit (p-hat) = 8.2864 (-0.4039) * MCH.
The p-value for the variable MCH is significant at the 0.05 alpha level and that the probability of being Thalassemia detection 
decreases as MCH value increases.
The odds and the odds ratio from the logistic regression model were calculated.
Logit ( p )=log( odds )=β0+β1* MCH
 For a continuous predictor variable, such as MCH, the odds ratio measures the increase or decrease in odds associated with a one-unit 
difference of the predictor variable. The odds ratio for MCH indicates that the odds of detecting Thalassemia decrease by 0.332% 
for each increase in one unit MCH value. The 95% confidence interval, 0.643 to 0.693, does not include 1.000, the odds ratio was 
significant at the 0.05 alpha level, and therefore, the predictor MCH was significantly different from 0.  Percentages of concordant, 
discordant, and tied pairs as goodness-of-fit measures to compare one model to another. Higher percentages of concordant pairs and 
lower percentages of discordant and tied pairs indicate a more desirable model. The tablealso shows the four rank correlation indices 
that were computed from the numbers of concordant, discordant, and tied pairs of observations: Somers’ D, Gamma, Tau-a, and c.

Table S4: Multiple logistic regression model
Association of Predicted Probabilities and Observed Responses
Percent Concordant 87.6 Somers’D 0.755
Percent Discordant 12.1 Gamma 0.757
Percent Tied 0.3 Tau-a 0.178
Pairs 1068189 c 0.877
Odds Ratio Estimates and Profile-Likelihood Confidence Intervals
Effect Unit Estimate 95%ConfidenceLimits
MCH 1.0000 0.651 0.622 0.679
HGB 1.0000 0.705 0.657 0.756
MCV 1.0000 1.026 1.011 1.042
HCT 1.0000 1.089 1.061 1.118

In general, a model with higher values for these indices has better predictive ability than a model with lower values. The c, concordance 
statistic, estimates the probability of observation with the event having a higher predicted probability than an observation without 
the event. The c value was calculated as the number of concordant outcomes plus one-half times the number of ties divided by the 
total number of pairs. The range of possible values is 0.5 to 1.0, where 1.0 is perfect prediction. The value of 0. 0.844 shows a very 
strong ability of MCH to discriminate between Thalassemia detection or otherwise.
The profile likelihood confidence intervals were different from the Wald-based confidence intervals.
This difference was visible because the Wald confidence intervals use a normal error approximation, whereas the profile likelihood 
confidence intervals were based on the value of the log-likelihood. These likelihood-ratio confidence intervals require a much greater 
number of computations but were generally preferred to the Wald confidence intervals, especially for sample sizes less than 50. 
The Odds Ratio plot displays the results of the Odds Ratio table graphically. This plot was obtained by applying the parameter estimates 
from the logistic model to values of the predictors and then converting the predictions to the probability scale. A reference line shows the 
null hypothesis, an odds ratio equal to 1. When the confidence interval crosses the reference line, the effect of the variable is not significant. 
Calculating and interpreting odds ratios for categorical variables was similar to that of continuous variables.  A logistic regression model 
with the predictor Lot_Shape_2 instead of Basement_Area. Lot_Shape_2 has only two levels, Regular and Irregular were fitted.
The logit of p was also equal to the linear predictor the redundant level represents the regular level.  Regular lot shapes were coded as 0 
and Irregular lot shapes are coded as 1. To obtain the odds for an Irregular lot shape, the linear predictor for the level was exponentiated.
First, we substitute 1 for Lot_Shape_2 to get β0 + β1 as the linear predictor. Then, we add the parameter estimates that we got for β0 
and β1 and exponentiate the sum. To obtain the odds for a Regular lot shape, the same process was followed.
 First, we substitute 0 for Lot_Shape_2 to get β0 as the linear predictor. Then we take the parameter estimate that we got for β0 and 
exponentiate it. The odds ratio was then the odds for the Irregular lot shape divided by the odds for a Regular lot shape. 
The profile likelihood confidence intervals were different from the Wald-based confidence intervals.
This difference was because the Wald confidence intervals use a normal error approximation, whereas the profile likelihood confidence 
intervals were based on the value of the log-likelihood. These likelihood-ratio confidence intervals require a much greater number 
of computations, generally preferred to the Wald confidence intervals, especially for sample sizes less than 50.
The Odds Ratio plot displays the results of the Odds Ratio table graphically. This plot was obtained by applying the parameter 
estimates from the logistic model to values of the predictors and then converting the predictions to the probability scale. A reference 
line shows the null hypothesis, an odds ratio equal to 1. When the confidence interval crosses the reference line, the effect of the 
variable was not significant. 
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Calculating and interpreting odds ratios for categorical variables was similar to that of continuous variables.  A logistic regression model 
with the predictor Lot_Shape_2 instead of Basement Area was imagined. Lot_Shape_2 has only two levels, Regular and Irregular.
The logit of p was also equal to the linear predictor for our model. In this case, we use the level regular to represent the redundant 
level. So, Regular lot shapes were coded as 0 and Irregular lot shapes are coded as 1. To obtain the odds for an Irregular lot shape, 
the linear predictor for the level was exponentiated.
First, 1 for Lot_Shape_2 to get β0 + β1 as the linear predictor was substituted.  The parameters were estimates that we got for β0 
and β1 and exponentiate the sum.
 To obtain the odds for a Regular lot shape, the same process was followed. First, 0 for Lot_Shape_2 to get β0 as the linear predictor 
was a substitute and divided by the odds for a Regular lot shape.

Table S5: Logistic regression models predicting Thalassemia detection status
Model 1: Unadjusted Model: Fully Adjusted

 95% Confidence Interval  95% Confidence Interval
Category Odds Ratio Lower Limit Upper Limit Odds Ratio Lower Limit Upper Limit
MCH 0.668 0.643 0.693 0.651 0.622 0.679
Reference Reference Reference Reference Reference Reference Reference
HGB    0.705 0.657 0.756
MCV    1.026 1.011 1.042
HCT    1.089 1.061 1.118
* MCH - Mean Corpuscular Hemoglobin, HGB - Hemoblobin, MCV - Mean Corpuscular Volume, HCT - Hematocrit value. 

Validation:
Table S6: Validating data set with 108 participants were used as testing dataset
Variant RBC Hemoglobin HCT MCV MCH RDW Cut off value
0 5.21 13.3 44.1 84.6 25.5 13.3 4.8647
0 4.72 13 41 86.9 27.5 13.2 4.9834
0 4.45 12.4 40.2 90.3 27.9 13.3 5.0006
0 4.91 15.3 46.7 95.1 31.2 13.2 5.1701
0 5.06 14.2 44.4 87.7 28.1 14.2 5.01
0 3.68 10.1 31.5 85.6 27.4 14.9 5.0017
0 4.62 13.4 41.5 89.8 29 12.7 5.0643
0 4.45 13.8 42 94.4 31 12.8 5.1704
0 4.63 2.4 40 86.4 26.8 13.6 5.0456
0 4.87 13.7 41.6 85.4 28.1 14.2 5.0214
0 4.48 12.1 37.7 84.2 27 14.9 4.9679
0 4.26 10.4 33.9 79.6 24.4 14.2 4.8331
0 4.25 11.6 37.6 88.5 27.3 15.1 4.9748
0 4.84 13.9 43.4 89.7 28.7 14.2 5.0424
0 4.6 13.2 39.5 85.9 28.7 14.5 5.0607
0 4.62 11.9 39.2 84.8 25.8 14.2 4.8922
0 5.55 12.6 41.9 75.5 22.7 16 4.7267
0 4.99 15.3 46.3 92.8 30.7 14.5 5.1469
0 5.44 13.9 45.6 83.8 26.1 13.5 4.9018
0 4.41 12 39.4 89.4 27.2 12.3 4.9626
0 4.13 11.6 37.2 90.1 28.1 14.8 5.0192
0 4.96 10.7 36 72.6 21.6 14.6 4.681
0 4.42 12.5 39.2 88.7 28.3 13.7 5.0306
0 5.93 15.8 48.6 82 26.6 13.8 4.925
0 5.72 14 45.4 79.4 24.5 14.8 4.8158
0 5.34 11.3 37.8 70.8 21.2 15.2 4.6584
0 5.52 14.9 44.2 80.1 27 12 4.9628
0 4.41 12 37.9 85.9 27.2 12.8 4.9751
0 6.07 14.6 46.3 75.3 24.1 14.1 4.8015
0 5.78 14.1 46.6 80.5 24.4 12.3 4.8052
0 5.85 15.3 48.8 83.4 26.2 12.4 4.899
0 6.46 13.5 44.6 69 20.9 15.3 4.6312
0 5.1 14 44 86.3 27.5 12.2 4.9788
0 5.06 13.6 43.2 81.4 26.9 13.3 4.9632
0 4.95 13.9 42.4 85.7 28.1 13.7 5.019
0 5.11 13.8 42.9 84 27 14.4 4.9569
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0 5.1 13.5 42.7 82.7 26.5 14.1 4.9329
0 4.44 10.4 35.7 80.4 23.4 16.9 4.7677
0 4.09 11.2 36.3 88.8 27.4 13.5 4.9827
0 5.53 14.3 44.3 80.1 25.9 13.6 4.8985
0 4.55 12.7 39.5 86.8 27.9 13.2 5.0109
0 4.85 14 42.1 86.8 28.9 12.6 5.0645
0 4.46 12.5 39.2 87.9 28 13.5 5.0146
0 4.42 11.4 37.2 84.2 25.8 15.3 4.8976
0 4.25 12.9 40.4 95.1 30.4 14.3 5.1366
0 4.49 11.7 36.1 80.4 26.1 15 4.9279
0 5.09 15.1 45.9 90.2 29.7 14.3 5.0949
0 5.29 14.9 45.6 86.2 28.2 13.4 5.0166
0 5.9 14.4 45.6 77.3 24.4 15 4.814
0 4.74 14.7 44.5 93.9 31 13 5.1659
0 4.92 14 43.3 88 28.5 15.2 5.0353
0 5.61 11.7 38.3 78 23.5 15 4.7733
0 5.22 14.8 46.6 89.3 28.4 13.3 5.019
0 4.71 14 42 89.2 29.7 13.8 5.106
0 5.57 14.8 46.4 83.3 26.6 12.4 4.9276
0 4.79 11.7 37.2 77.7 24.4 12.8 4.831
0 4.07 11.5 35.7 87.7 28.3 12.1 5.0411
0 5.05 13.7 43.6 86.3 27.1 13.2 4.9558
0 4.28 11.9 37.3 87.1 27.8 11.6 5.0091
0 4.66 12.1 37.3 80 26 13.4 4.9203
0 5.17 12.1 39 75.4 23.4 13.3 4.774
0 5.15 9.6 33.4 64.9 18.6 16.1 4.5282
0 5.1 11 36.5 71.6 21.6 14.9 4.6825
0 4.52 13 39.7 87.8 28.8 13.1 5.0617
0 4.67 12.8 39.7 85 27.4 12.9 4.9853
0 4.32 11.6 35.7 82.6 26.9 12.4 4.9709
0 4.73 11.7 38.5 81.4 24.7 12.8 4.8367
0 5.57 14.5 46.3 83.1 26 11.9 4.8929
0 4.97 13.4 41.1 82.7 27 12.5 4.9643
0 5.52 13.9 44.8 81.2 25.2 13.4 4.8538
0 5.62 13.5 42.4 75.4 24 14.3 4.8018
0 5.02 13.4 42.5 84.7 26.7 12.4 4.9385
0 5.65 14.4 47.2 83.5 25.5 13.4 4.8612
0 4.89 12.3 39.9 81.6 25.2 13 4.8633
0 5.09 13.8 44.4 87.2 27.4 12.6 4.9712
0 4.88 14 41.9 85.9 28.7 12.7 5.0551
0 5.41 13.4 40.6 75 24.8 15.4 4.8538
0 5.35 13.9 45.4 84.9 26 14 4.8908
0 5.89 12.8 42.4 72 21.7 14.8 4.6752
0 4.71 12.7 40.8 86.6 27 13.2 4.9554
0 5.11 13.3 42.2 82.6 26 12.4 4.9028
0 4.93 14.1 41.5 84.2 28.6 13.4 5.0541
0 4.28 12 36.8 86 28 12.3 5.0248
0 4.31 10.3 33 86.6 23.9 15.6 4.7732
0 4.55 11.3 37.5 82.4 24.8 14.1 4.8421
0 5.54 14.2 45.5 82.1 25.6 12.5 4.8735
0 4.59 10.7 36.8 80.2 23.3 12.1 4.7602
0 5.25 10.9 36.8 70.1 20.8 14.7 4.6386
0 4.57 11.9 38.8 84.9 26 12.6 4.9042
0 4.29 9.3 33.1 77.2 21.7 17.2 4.6801
0 4.87 11.9 39.7 81.5 24.4 14.3 4.8163
0 5.85 15.1 47.1 80.5 28.5 12.1 5.0581
1 4.23 12.3 49.2 95.2 25.2 12.6 4.8182
1 4.23 11.2 46.2 90.2 24.2 12.3 4.7822
1 5.23 14.2 52.3 98.2 27.2 12.3 4.9183
1 4.23 11.2 46.2 90.2 24.2 12.3 4.7822
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1 4.23 12.3 49.2 95.2 25.2 12.6 4.8182
1 4.93 12.9 48.2 97.8 26.2 14.1 4.8648
1 6.76 11.4 46.1 68.2 16.9 15.6 4.4009
1 4.1 9.5 38.6 94.1 23.2 20.2 4.712
1 4.92 12.7 44 89.4 25.8 12.6 4.8706
1 4.15 10.2 42.1 101.4 24.6 16.9 4.7689
1 5.33 14 51 95.7 26.3 11.8 4.8714
1 5.05 8.5 42.8 84.8 16.8 15.2 4.3538
2 5.95 10.8 44.2 74.3 18.2 13.5 4.4638
2 4.77 12.1 43.9 92 25.4 11.2 4.8405
2 4.26 11.1 40.4 94.8 26.1 13.6 4.8806
Variant column denote HPLC results, whereas 0 denote normal, 1 denote BTT and 2 denote HbE

Figure S1: Decision tree analysis with two critical parametric limits for separating beta thalassemia minor and true normal from 
microcytic population. Using derived parametric limit and equation, 29 samples were separated as a true negative population which 
was more than 26%.
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Table S7: Final derived true negative normal data
Variant RBC Hemoglobin HCT MCV MCH RDW Cut-off Value
0 4.72 13 41 86.9 27.5 13.2 4.9834
0 4.45 12.4 40.2 90.3 27.9 13.3 5.0006
0 4.91 15.3 46.7 95.1 31.2 13.2 5.1701
0 5.06 14.2 44.4 87.7 28.1 14.2 5.01
0 4.62 13.4 41.5 89.8 29 12.7 5.0643
0 4.45 13.8 42 94.4 31 12.8 5.1704
0 4.87 13.7 41.6 85.4 28.1 14.2 5.0214
0 4.84 13.9 43.4 89.7 28.7 14.2 5.0424
0 4.99 15.3 46.3 92.8 30.7 14.5 5.1469
0 5.52 14.9 44.2 80.1 27 12 4.9628
0 5.1 14 44 86.3 27.5 12.2 4.9788
0 5.06 13.6 43.2 81.4 26.9 13.3 4.9632
0 4.95 13.9 42.4 85.7 28.1 13.7 5.019
0 4.85 14 42.1 86.8 28.9 12.6 5.0645
0 4.25 12.9 40.4 95.1 30.4 14.3 5.1366
0 5.09 15.1 45.9 90.2 29.7 14.3 5.0949
0 5.29 14.9 45.6 86.2 28.2 13.4 5.0166
0 4.74 14.7 44.5 93.9 31 13 5.1659
0 4.92 14 43.3 88 28.5 15.2 5.0353
0 5.22 14.8 46.6 89.3 28.4 13.3 5.019
0 4.71 14 42 89.2 29.7 13.8 5.106
0 4.52 13 39.7 87.8 28.8 13.1 5.0617
0 4.67 12.8 39.7 85 27.4 12.9 4.9853
0 4.97 13.4 41.1 82.7 27 12.5 4.9643
0 5.09 13.8 44.4 87.2 27.4 12.6 4.9712
0 4.88 14 41.9 85.9 28.7 12.7 5.0551
0 4.93 14.1 41.5 84.2 28.6 13.4 5.0541
0 5.85 15.1 47.1 80.5 28.5 12.1 5.0581

Table S8: Cut-off values for haematological parameters in some existing literature.
Index MGH (pg) MCV(fL) RBC(106µL-1) RDW 
Lafferty et al.,27 - <72 - -
Jiang et al.,28 - <80 - -
Old et al.,29 <27 <79 - -
Rathod et al.,30 <27 <76.5 >5 >13.5
Sahli et al.,31 <23 <75 >5 >14
Cao et al.,16 <27 <78 - -
Pornprasert et al.,32 <27 <76 >5 >14
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