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Abstract: Fetal age and weight estimation plays the importal& in pregnant treatments. There are many etima
formulas created by the combination of statistiod abstetrics. However, such formulas give optiestimation if and
only if they are applied into specified community eihnic group with characteristics of such ethgiioup. This paper
proposes a framework that supports scientists $ooster and create new formulas more appropriateotomunity or
region where scientists do their research. Theogexy algorithm used inside the framework is theeaaf the architecture
of framework. This algorithm is based on heuristisumptions, which aims to produce good estimataula as fast as
possible. Moreover, the framework gives facilittesscientists for exploiting useful information wrdporegnant statistical
data.
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. chosen for fetal estimation in this paper. Notemeso
1. Introduction terminologies such asregression function function

Fetal age and weight estimation is to predict tiehb regression modelestimate functionestimate modebnd

weight or birth age before delivery. It is very ionant for ~ €Stimate formuldave the same meaning.

doctors to diagnose abnormal or diseased caseato t 1nere are some estimate formula resulted from

she/he can decide treatments on such cases. Bettasise 9estational researches such as [Hadlock 1985],¢Dan

paper mentions both age estimation and weight atiom 19851, [Nguyet Pham 2000], [Fusun Varol 2001], etune

for convenience, the term “birth estimation” impties ©f them gain high accuracy but are only appropriate

both of them. There are two methods for fetal estiom: population, community or ethnic group where such

- Calculating volume of fetal inside mother womb and©Séarches are done. If we apply these formulasatiter
basing on such volume and the mass density of flepmmunity such as Vietnam, they are no longer ateur
and bone, it is easy to calculate fetal weight. Moreover, it is very difficult to find out a new dreffective

- Applying statistical regression model: fetal ulpmad ~ €Stimate formula or the cost of time and (computer)
measures such as bi-parietal diametepd), head esources of formula discovery is expensive. Theesfthe

circumferencel(c), abdominal circumferencad) and ~ firSt goal of this paper is to propose an effectigorithm
fetal length {) are recorded and considered as thd/ich produces highly accurate formulas that arsy da
input sample for regression analysis which respls ~ tune with specified population. The process of puuyg
regression functionThis function is the formula for formulas via such algorithm is as fast as possile.
estimating fetal age and weight according td’;\_ddmon, phyS|C|an_s _ an(_j resea_rchers always want to
ultrasound measures suchbgsl, he, aandfl. Data is discover use_ful statistical information from me&aa_mp!e
composed of these ultrasound measures is call@id regression model. Thus, the second goal optper is
gestational sample or statistical sample. Termd?® 9ive facilities to physicians and researchers by
“sample”, “data” have the same meaning in this papéntroducmg th_em a system or framework that impletse
and sample is the representation of population th&Ch an effective algorithm in the first goal andlds up a
research takes place. tool allowing physicians and researc_herg to exraipd take
Because the second method reflects features 8fvantage of useful and potential information under
population from statistical data, the regressiondetds —9estational sample. This tool is programmed as coenp
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software. In general, this paper has two objectives

- Proposing an effective algorithm which produces
highly accurate formulas. This algorithm is a hstiri
approach that always results in optimal formulas by
the fastest way.

- Introducing a framework that sets up the new
algorithm in first goal and builds up a statistitabl -
which supports physicians and researchers in birth
estimation domain. Moreover, physicians and
researchers can discover new estimate formulas by
themselves.

Section2 gives an overview of the architecture of the
framework. Section3 is the description of effective
algorithm producing the highly accurate formulact®m 4
discusses main use cases of framework with resjoect
gestational sample. Section 5 is the conclusion.

2. General Architecture of Framework

Based on clinical data input which includes fetal
ultrasound measures such lysd hc, ac, fl and etc, the
system produces optimal formulas for estimatingalfet
weight or fetal age with highest precision. Statalt
information about fetal and gestation is also dbsdr in
detailed in two forms: numerical format and grapnfat.

So the framework consists of four components:

- Dataset component is responsible for managing
information about fetal ultrasound measures such as
bpd hc, ac, fl and extra gestational information in
reasonable and intelligent manner. This component
allows other components to retrieve such infornmtio
Gestational information is organized
abstract structure, e.g., a matrix whose each row
represents a sample difpd hc, ac, fl measures.

into some

regression function, for example: mean and standard
deviation of bpd samples, sum of residuals and
correlation coefficient of regression function,
percentile graph of fetal weight. Statistical masitfis
organized into two forms such as numerical format
and graph format.

User interface (Ul) component is responsible for
providing interaction between system and users such
as physicians, researchers. A popular use cagmts t
users enter ultrasound measures and requires system
to print out both optimal estimate formula and
statistical information about such ultrasound measu
moreover users can retrieve other information in
DatasetcomponentUl component links to all of other
components so as to give users as many facilises a
possible.

‘ User interface

Dataset Startistical manifest

Regression

Figure 1. General architecture of framework.

Three components:dataset regression modeland
statistical manifestare basic components. The fourth
component is the bridge among them.

Following table is an example of this abstracg-Algorithm Used in Framework

structure:

Table 1. An example of gestational sample matrix.

Bpd Hc fl Ac birth age birth weight
74 262 51 255 28 900
72 260 51 232 28 900
68 260 50 229 28 900
72 275 52 240 28 900
72 274 52 240 28 950
74 253 50 235 28 950
71 257 52 239 28 950
71 255 53 236 28 950
70 264 52 246 28 950

Suppose a regression functisre ag + ay Xy + axXo + ...
+ aX, whereY is response or dependent variable &ngs)
are regression or independent variables. kadk called
regression coefficient. Response variablepresents fetal
weight or age. Regression variablés(s) are gestational
ultrasound measures suchbgml, hc, acandfl. Given a set
of measure values of; (s), the value ofY so-calledY-
estimatecalculated from this regression function is estana
fetal weight (or age) which is compared with realue of
Y measured by ultrasonic machine. The real valué s-
called Y-real is birth weight (or age). In this paper, the
notation Y refers implicitly to Y-estimateif there is no

Regression modelcomponent represents estimateexplanation. The deviation betwe¥restimateandY-realis
formula or regression function. This component seadcriterion used to assess the quality or the praTisif
ultrasound information fronDatasetcomponent and regression function. The less this deviation i€ Hetter
builds up optimal estimate formula from suchregression function is. The goal of this papeigind out
information. The algorithm used to discover andhe optimal regression function or estimate formuteose
construct estimate formula is discussed in sec8on precision is highest.

This component is the most important one because it A regression function will be good if it meets two
implements such discovery algorithm.

Statistical manifestcomponent describes statistical -
both ultrasound measures and

information

conditions so-called:
The correlation betweeYrestimateandY-realis large.
The sum of residuals is small. Note that residsal i
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defined as the square of deviation betw¥egstimate that ‘the correlation coefficient of any regression
andY-real residual = (Yestimate — Yreal)>- variable Xi and real response value Y-real is geeat
These two conditions are called tipair of optimal than a threshold”. This is maximumassumption.

conditions A regression function is optimal or best if it The algorithm in this paper tries to find out a
satisfies the pair of optimal conditions at mostieve combination of regression variableé§ (s) so that such
correlation is largest and the sum of residualsnmllest. combination satisfies two above assumption. Inrotads,
Given a set of regression variablés (i = 1,n), we this combination constitutes an optimal regressiowtion
recognize that a regression function is a comtonatfk  that satisfies two following conditions:

variables X; (s) wherek < n so that such combination -  The correlation coefficient of any pair ¥f andX; is
achieves the pair of optimal conditions. Given a sk less than a minimum threshaid> 0

possible regression variabl@aR ={ Xj, X;,..., % } being -  The correlation coefficient of any; and Y-real is
ultrasound measures, brute-force algorithm candeel to greater than a maximum thresheld 0

find out optimal function, which includes three Ifaling These two conditions are called tipair of heuristic
steps: conditions Given a set of possible regression variabaR
1. Letindicator numbek is initialized1, which responds = { Xy, X,,..., % } being ultrasound measures, fet a; +

to k-combination havings regression variables. 01Xy + 02X + ... + aX¢ (k< n) be the estimate function

2. All combinations ofn variables takerk are created. and letRe(f) = { Xy, X, ..., % } be its regression variables.
For eachk-combination, the function built up bly  Note that the value dfis fetal age or fetal weighR€(f) is
variables in thik-combination is evaluated on the pairconsidered as the representatiorf.dfet OPTIMAL be the
of optimal conditions; if such function satisfidsese output of algorithm, which is a set of optimal ftinas

conditions then it is optimal function. returned. OPTIMAL is initialized as empty set. Let
3. Indicatork is increased by. If k = n then algorithm RgOPTIMAL) be a set of regression variables contained in
stops, otherwise go back step all optimal functiond € OPTIMAL The algorithm includes
The number of combinations which brute-forcefour following steps:
algorithm searches is: 1. Let C be the complement set ®AR with regard to

n OPTIMAL, we haveC = VAR / R{OPTIMAL).
z n! 2. Let Gc C be a list of regression variables satisfying
il (n—1i)! the pair of heuristic conditions. These variables a
= taken from complement se€C. If G is empty,

Wheren is the number of regression variablesnlfs algorithm terminates; otherwise go to sgp

large, there is the huge number of combinationsiclwh 3. We iterate ovefs in order to find out candidate list of

causes the situation that algorithm never termgate it is good functions. For each regression variakle G,

impossible to find out the best function. So wepose a let L be the union set of optimal regression variables

new algorithm which overcomes this drawback andagbv andX. We have. = Rgf) U {X} wheref € OPTIMAL

find out the optimal function. In other words, the Suppose CANDIDATE is candidate list of good

termination of new algorithm is determined and timee functions, which is initialized as empty set. lgebe
cost is decreased significantly because the seaydpace the new function created frorh; in other words,

is reduced as small as possible. The new algoritbm regression variables af belong toL, R€g) = L. If

called heuristic algorithm is based on two assuomsti function g meets the pair of optimal conditions, it is

about an optimal regression function which satisfire added into CANDIDATE, CANDIDATE =

pair of optimal conditions: CANDIDATEU {g}.

- First assumption: regression variablgs) trends to 4. Let BEST be a set of best functions taken from
be mutually independent. It means that any paixof CANDIDATE In other words, these functions belong
and X with i # j in an optimal function are mutually to CANDIDATE and satisfy the pair of optimal
independent. The independence is reduced into the conditions at most, where correlation is largest e
looser condition the correlation coefficient of any sum of residuals is smallest. IBEST equals
pair of X and X is less than a threshold’. This is OPTIMAL then algorithm stops; otherwise assigning
minimumassumption. BEST to OPTIMAL and going back stdp Note that

- Second assumption: each variajjeontributes to the two sets are equal if their elements are the same.

quality of optimal function. The concept of Itis easy to recognize that the essence of alguoris to
contribution rate of a variabl¥; is defined as the reduce search space by choosing regression vaiable
correlation coefficient between such variable &fid satisfying heuristic assumption as “seeds”. Optimal
real. The higher contribution rate is, the morefunctions are composed of these seeds. Algorithmay
important respective variable is. Variables witgh@r  delivers best functions but can lose other goodtfans.
contribution rate are calledigh-contributevariables. The length of function is defined as the numberitef
So optimal function includes only high-contributeregression variables. The optimal bias is definedtte
regression variables. The second assumption isdstatdifference between two functions about correlatiad sum
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of residuals in optimal conditions. Terminate caiodi is  Phocbe - The softwareof feal welght and age estimation o 1 S
that no more optimal functions can be found oytassible Ll B i L )
variables are browsed exhaustedly. So the resottifun is @, PHOEBE - THE ESTINATOR OF FETAL WEIGHT AND AGE
the_ Ionge_st one bp_t some pther _shorter functiong b e | e Z
optimal with insignificant optimal bias. O = = = bitaps | rnwaigrt]| |
] Iv] ] v O 0 -
1 [74.0 262.0 51.0 255.0 28.0 900.0 = |
Let € be the complement set of VAR with regard to OPTIMAL | 2 (720 260.0 51.0 232.0 28.0 900.0
C=VAR f Re[OPTIMAL) I 3 |68.0 260.0 50.0 2290 28.0 900.0
4 (720 275.0 52.0 240.0 28.0 900.0
l 5 [720 274.0 52.0 240.0 28.0 950.0
6 [74.0 253.0 50.0 235.0 28.0 950.0
7 [71.0 257.0 52.0 239.0 28.0 950.0
let G © C be a list of regression variables satisfying the pair of g [71.0 255.0 53.0 236.0 28.0 950.0
hewristic conditions a (700 264.0 52.0 246.0 28.0 950.0
10(70.0 248.0 510 229.0 28.0 960.0 -
Fitness (R): ’r Max results: I‘ID7| @ |T|
Is G empty? Ib!' o i’fjgm | Estimate |
No
4‘ Figure 3. Gestational sample.
L = felf] wixwhere X €G and f £ OPTIMAL
Let g be the new function created from [ with Re(g) =L e .. .
Let CANDIDATE be the list of candidate aptimal function No After specifying minimum and maximum thresholds and
If g satisfies optimal condition then CANDIDATE = CANDIDATE L {g} Wthh measures are regreSSion Variables and r%pons
,l, variable, users will find out optimal formulas amttions
Let BEST be a set of best functions taken from CANDIDATE, which as the results of algorithm in secti@n Optimal formulas
¥es | satisfies aptimal condkticns at most that users discovery via using framework are shamn
) following figure.
.,
-~ \ n = — | ﬂ
BEST = OPTIRAL ® Phoebe - The software of fetal weight and age estimation =
File View Analyze Tools Help
es ’ PHOEBE - THE ESTIMATOR OF FETAL WEIGHT AND AGE
_—n
‘ | Open E-\gestational-samplexis @
Mo lﬁd ['Lc jl ac mrtllage mrtnvae\gm ‘
Figure 2. Heuristic algorithm flow chart. e e
2 720 260.0 51.0 2320 230 900.0
3 |68.0 260.0 50.0 229.0 28.0 900.0
4 720 275.0 52.0 2400 28.0 900.0
4. Use Cases of Framework L R R T —  —
6 [74.0 253.0 50.0 235.0 28.0 950.0 ~
The framework has three basic use cases realized by |[mmesswy: 05 | maxresuns: 10 |[Z] s |
. . . . . birth age -
manifest discussed in sectich Three basic use cases | E—arngjn ety
includes: birth weight
- Discovering quality formulas with high accuracy.i§h e et O e Tos 0T 047 08a08en o ROE |
1 1 1 1 2 birth ht=0... duct_log10 |0.9636...|0.4116896651 |9.233508... |4
use Case IS the reSUIt Of algorlthm n SeCtIOH 3 i 3 a:nnxz:gnuaz Z;r(f] = 0.9635...|0.4416218879 9515;43 4 P
- Providing statistical information under gestational Loz s 1 o e
o X i L. K 5 birth weight = 0.... |product_log ..|0.4182974697 |9.304774... |3 _
sample. Statistical information is in numeric fotma 6 loirth weight=0... [product_log10 nstionrafes loanTrs 3 b=
and graph format. ' 1 —
- Comparison among different formulas. | ViewGroups || Save Resuits |
4.1. Use case 1: Discovering Quality Formulas Figure 4. Optimal weight estimate formulas.

Given gestational data [Hang Ho 2011] is composed Q> yse Case 2: Providing Statistical | nformation
2-dimension ultrasound measures of pregnant women.

These women and their husbands are Vietnamesee Thes Statistical information is classified into two gpmu
measures are taken at Vinh Long polyclinic, whietiide gestational information and estimate information:

bpd hc, ac, fl, birth ageand birth weight These women’s -  Gestational information contains statistical atités
periods are regular and their last period is detegth Each about fetal measures, for example: mean, median and
of them has only one alive fetus. Fetal age is frd8n standard deviation dfpddistribution.

weeks to 42 weeks. Delivery time is not over 48rhou -  Estimation information contains attributes about
since ultrasound scan. Gestational sample is shimwn estimate model (formula), for example: correlation
following figure. coefficient, sum of residuals and estimate error of

estimate model (formula).
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In representation, statistical information is déssd in

two forms: numeric format and graph format.

Close

& Statistics - =]
Mame |Min |Max |Mean Median Sd Se VMariance | Skewness |Kurtosis |
1 |bpd 68.0 |100.0 [8504 [87.0 672|020 |45.175... |-0.576973...12.5057... |~
2 |hc 246.0 |370.0 |306.5...|207.0 |27.2.|0.84.. [739.87... |0.043483... |2.6745...
3 500 |77.0 |6452 |66.0 6.56..(0.20.. [43.115.. [-0.523460...[2.1823 .. |=
4 |ac 223.0 |376.0 |306.7...1314.0 |37.5...[1.17... [1406.9... | -0.457268...[2.1921... |—
5 |birth age |2B0 |420 |3502 |35.0 385 /012 [15.635. |-0.135104. {19377 |~
E
Histogram: Bin Width = 0.64
Frequency
£ o10?
12 T T T T
o -
0E -
06 -
04 -
02
0.o L 1
on 0z 04
2
Et]

Figure5. Gestational statistical information.
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4.3. Use Case 3: Comparison among Different Formulas

There are many criterions to evaluate the effigyeaied
accuracy of estimate formulas. These criterionscatked
evaluation criterions, for example: standard démmtsum
of residuals, estimate error, etc. Each formula has
individual strong points and drawbacks. A formwdaetter
than another one in terms of some criterions buy &
worse than this other one in terms of differentecidons. An
optimal formula is the one that has more strongsaihan
drawbacks in almost criterions. Hence, this framéwo
supports the comparison among different formulaa vi
criterion matrix represented in below figure. Eaokv in
criterion matrix represents a formula whereas eadhmn
indicates the criterion. For example, first roncaed row
and third row represent formula in form of multgaltion of
logarithms, formula in form of exponent functionrddimear
function, respectively. Three criterions: multiae
correlation, estimate correlation, estimate errond a
estimate ratio error are arranged in three respecti
columns.

3
Real hirth weight / 10

i @ Regression Information - - . i‘ o= & " &r
birth weight = 0.000043298985 * (bpd"1.948640017621) * (hc0.263745313905) * (*0.601972103528) * (ac"0.905523630923)
Type: product log Mean: 2566 5169330975688 Error mean: -7 465539247291
Fitness: 0.963636384121 Sd:  |775.325467599207 Error sd: 212.557083040464
R: 0.963636384181 Error mean (%): 0.4116896648
Ss: 46412446.00469961 Error sd (%): 9.2335084266 p
| More stat.
Iultivariate plot Correlation plot:R=0.96 Error plot:-7.47 +/- 1.06%212.56 Error plot (%6):0.41 +- 1.96%9.23 .
Estitnated birth weight Estimated birth weight Estitnate error Estirate ratio error (%)
[RUE ITIE TIE
5.0 5.0 T 1.0 T T T T T T T
1.5 15 - 0 - —
1.0 10 - IR —
3.5 35 - 0o~ -
3.0 i0 - 0o+~ —
2.5 25 ] =i T
2.0 20 - 0= -
15 1.5 - R —
10§ 10 20 | -
s = - 15 - 6.0 - —
0.0 [ [ L O, | 1.0 Sy e e S L | 1.8 | e[S [ Y | 0o N A S S Y S |
I 0.00.10.20.30.40.50.60.70.80.91.01.1 0.00.51.01.52.02.53.03.54.04.55.0 0.00.51.01.52025303.5404.5 000.51.01.52025303.54.045
Mormalized tneasures

Calculate | 1329.969531757568

3 3
MMean birth weight /10 Ilean birth weight / 10

o et e
Q==
Regressor Value
bpd 4 -l
he 262 L
fl 51 L
ac 255 a5

Figure 6. Estimate statistical information.

5. Conclusion

In general, this paper proposes the framework ghags

scientists and physicians three utilities:
- Firstly, discovering new estimate formulas.
- Secondly, providing statistical information.

Because the algorithm used to construct estimate
formulas is based on heuristic assumptions, itgoy@timal
formulas but can lose other good formulas. In sibmathat
scientists focus on some unusual criterion, sucst lo
formulas are the ultimate for them but ignoredthia future,
we improve this algorithm by adding constraintsoint

- Thirdly, comparison among different formulas basedreuristic assumptions. These constraints are madefu

on pre-defined evaluation criterions.

evaluation criterions and optimal formula considbrth



the pair of heuristic conditions and these constsaiSo,
the architecture of framework is modified by addamgew
component so-called evaluator component that manage
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evaluation criterions and creates constraints fribvese

criterions.

Error plot
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Figure 7. Comparison among different formulas.

References

[1]

(2]

Hadlock FP, Harist RP, Sharman R (1985). Estimatbn [4]
with use of head, body and

fetal

weight

femur

measurements: a prospective study. Am J Obstet €gyna
21: 333-337.

Duyet Phan (1985)Ung ding siéu ami¢ chan doan tibi
thai va can #ng thai trong & cung. Lén an Phé 6n 9 y

hoc,

Treong Dai hoc Y Ha Noi.

(3]

Nguyet Pham (20001J6c leong cén #ng thai nhi qua cac

s do aia thai tang siéu am. Lgn an tén S Y hoc, Trrong
DPai hoc Y Dugc thanh ph Ho Chi Minh.

Fusun Varol, Ahmet Saltik, Petek Balkanli Kaplan,laju

Kilic and Turgut Yardim (2001). Evaluation of Gesaal

Age Based on Ultrasound Fetal Growth Measurements.

Yonsei Medical Journal, vol. 42, No 3, pp. 299-303.

(5]

Hang Ho, Duyet Phan (2011y.6c lugng can ging aia thai

tr 37 — 42 tan bang siéu am 2 chu. Tap chi Y hpc thec
hanh § 12 (797) am 2011, tr. 8 - 9.



